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ABSTRACT

Therecenttrendin the processomdustryof packingmultiple pro-
cessorcoresin a chip hasincreasedhe importanceof automatic
techniquedor extractingthreadlevel parallelism.A promisingap-
proachfor extracting threadlevel parallelismin generalpurpose
applicationds to applymemoryaliasor valuespeculatiorto break
dependenceamongsthreadsandexecuteshemconcurrently

In this work, we presenta speculatie parallelizationtechnique
calledSpeculatie ParallellterationChunkexecution(Spice)which
relieson a novel software-onlyvalue predictionmechanism.Our
valuepredictiontechniguepredictsthe loop live-insof only a few
iterationsof agivenloop, enablingspeculatie threadgo startfrom
thoseiterations.It alsoincreaseshe probabilityof successfuspec-
ulationby only predictingthatthevalueswill beusedaslive-insin
somefutureiterationsof theloop. Thesewin propertiesnableour
value predictionschemeto have high predictionaccuracieshile
exposingsigni cant coarse-grainethread-leel parallelism.Spice
hasbeenimplementedisanautomatidransformatiornn aresearch
compiler Thetechniqueresultsin up to 157%speedud101%o0n
average)with 4 threads.
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1. INTRODUCTION

Theemegenceof multi-corearchitecturessthedominantcom-
puting platformis accompaniedby a nearstagnatiorin the perfor
manceof individual processorores. Thus, singlethreadedappli-
cationscanno longerrely on advancesin procesgechnologyand
microarchitecturainnovationsaloneto improve their performance.
On the other hand, writing multi-threadedapplicationsis much
morecomplex thanwriting singlethreadedapplicationssinceit re-
quiresprogrammerso reasoraboutconcurrenticcesset shared
data,andto inserttheright amountof synchronizatiothatensures
correctbehaior without limiting parallelism. Active researchin
automatictools to identify deadlocksivelocks, and race condi-
tions [5, 7, 19] in multi-threadedprogramsis a testamento the
dif culty of thistask.

An alternatve approacHor producingmulti-threadedtodess to
usethe compilerandthe hardwareto automaticallycorvertsingle-
threadedapplicationsinto multi-threadedapplications. This ap-
proachis attractive asit takesthe burdenof writing multi-threaded
codeoff the programmerjust as automaticinstruction-leel par
allelism (ILP) optimizationstake the burdenof writing codeopti-
mizedfor complex architectureoff the programmer While sig-
ni cant progresasbeenmadein parallelizingapplicationsgn the
scienti ¢ andnumericcomputingdomain,the sametechniquesio
notseemto applyto general-purposprogramsiueto thecomple
control o w andmemoryacces$atternsn theseprograms.

A promisingtechniqueto parallelizegeneralpurposeapplica-
tionsis threadlevel speculation(TLS) [8, 13, 20, 21]. TLS spec-
ulatesthata futureiterationof aloop, typically the next iteration,
is independenof the currentiteration,andexecuteghemin paral-
lel. Themostcommonform of speculatiorusedin TLS is memory
aliasspeculatiorwhereloadsin lateriterationsareassumeahot to
con ict with storesin theearlieriterations.If the speculatiorturns
outto befalse dueto dependencdsetweertheiterations thespec-
ulatively executedterationsaresquashedndrestartedAs long as
the mis-speculatiomateis low, TLS canimprove the performance
over single-threade@xecution.

Thealiasspeculatiorworksaslongasthecon ict betweerioads
andstoresin differentiterationsareinfrequent. But if the depen-
dencesetweenoop iterationsmanifestfrequently alias specula-
tion suffers from high mis-speculatiomates,causinga slovdown
over single-threadedode. TLS systemstypically overcomethis
problemby syndironizing thosestore-loadpairsthat con ict fre-
quently This limits the parallelismthat canbe exploited between
theloop iterations. An alternatve approactis to apply valuepre-
diction[10, 11] andspeculatiely executethefutureiterationswith
the predictedvalues. Several TLS techniqued4, 12, 14, 22] have
in factproposedhe useof valuepredictionto increase¢he amount
of parallelismexploited. TheseTLS techniqueswith value pre-



¢ = cm->next_cl;
while(c = NULL)X
int  w = c->pick_weight;
if (w < wm) {
wm= w;
cm = c;
}
c
}

= c->next_cl;
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Figure 1: Value prediction example

diction typically usesomevalue predictororiginally proposedo

improve ILP. While thosepredictorswork in somecaseswe be-
lieve that bettervalue predictiontechniquegailor-madeto break
inter-iterationdependences a TLS systemcanbedeveloped.We

proposea new parallelizationtechniquethatusesa predictorbased
on thefollowing two insightsinto valuepredictionfor threadlevel

speculation.

The rst insightis that, to extract threadlevel parallelism, it is
sufcient to predicta smallsubsebf thevaluesproducedya static
opefation. To seethis, considerthe loop in Figure 1(a) from the
benchmarlotter thattraversesalinkedlist. For the sale of this
discussionassumehattheif conditionin line 4israrelytaken.In
thatcaseaTLS systencanspeculatehatthereadof wmin thenext
iterationdoesnot con ict with thewrite of wmin the currentitera-
tion. It canthenpredictthe valueof ¢ atthebeginning of the next
iterationandusethe predictedvalueof ¢ to runthatiterationcon-
currentlywith the currentiteration. But, it canalsospeculatrely
parallelizethe loop by only predictingthe value of ¢ every tenth
iteration, insteadof every iteration. In that casethe TLS system
canspeculatiely executechunksof 10 iterationsin parallel.If the
predictionsarehighly accuratethenit is sufcient to predictonly
asmary valuesasthe numberof speculatre threads. Predicting
morevaluesdoesnot increasehe amountof TLP. Thisis in con-
trastto value predictionfor ILP. ILP value predictiontechniques
predictvaluesof along lateng operationop to speculatrely exe-
cutethe dependenbperations.For every dynamicinstanceof op
that is not predicted,the dependenbperationswvould stall in the
pipeline,therebyreducingtheILP.

The secondkey insightis thatthe probability of predictingthat
an opeiation will producea particular valuesometime in thefu-
ture is higher than predictingthat that value will be producedat
a speci ¢ time in the future. Predictingthat a value will appear
sometime in thefutureis sufcient for the purposef extracting

TLP. To give ananalogyfrom the stockmarket, the chanceghat
the Dow Jonesindex will cross15000exactly a yearfrom now is
much lower thanthe chanceghat it will cross15000sometime
within thenext 2 years.To give amoreconcretesxample,consider
Figure 1(b) which shaws the linked list and how it getsmodi ed
andaccessedver time. Considera simple predictorthat predicts
thatnode4 appearson thelist. In this example,the predictionis
alwaystrue, even thoughthe relative position of node4 from the
headof thelist change®vertime. Thus,suchapredictorwill have
a higher predictionrate than a predictorthat predictsthat node4
appearsasthefourth elementrom theheadof thelist.

Thispapemproposesspeculatie parallelizatiortechniquecalled
Spice. Spiceusesa valuepredictiontechniquebasedon the abore
two insights. For every staticvaluethatneedso be predicted,our
techniguepredictsonly a small setof valuesproducedby thatop-
erationin a givenloop invocation. It doesnot predictthe speci ¢
iterationin which thosevalueswill be produced. This prediction
stratgy is basedon the obsenationthatloop iterationlive-in val-
uestendto repeatacrosdoopinvocations.

The papemalesthefollowing contrikutions:

1. It presents viable software-onlyvaluepredictiontechnique
to breakloop-carrieddependencethat can enablespecula-
tive parallelizationbasedon key insightsinto value predic-
tion for TLP.

2. It presentsan automatedspeculatie transformationcalled
Spice(speculatie paralleliterationchunkexecution)thatuses
this value predictionmethodologyand a dynamicload bal-
ancingschemeo extractthread-leel parallelism.

3. It presentsan experimentalevaluationwith detailedperfor
mancesimulationsof Spice-parallelizeccodesof applica-
tionswith linkedlist traversals treetraversals,andcomple
control o w.

4. It describesa value pro ler framework to gaugeloop live-
in predictabilityin orderto automaticallyidentify program
loopsamenabldor Spice-parallelizationPro le resultsshav
thatthereis goodloop live-in predictabilityacrosdoopinvo-
cationsfor awide variety of applications.

Therestof this paperis organizedasfollows. Section2 usesan
exampleto highlighttheperformanceotentialof Spicein compar
isonto otherTLS techniquesSection3 describesghearchitectural
supportthat would be neededto supportSpice TLS. The auto-
matic Spicetransformatiornis presentedh Sectiord4, followedby a
guantitate evaluationin Section5. Section6 describeur value
pro ling framework, providesawhole-applicatiorcharacterization
of loop live-in predictability acrossseveral benchmarksand dis-
cussegheissuesandchallengesn integratingsucha pro ler into
an automatictransformationframevork for Spice. We compare
and contrastthe contrikbutions of this paperwith relatedwork in
Section?7. Finally, Section8 summarizeshe key contrikbutionsof
this work.

2. MOTIVATION

This sectionprovidesa qualitatve comparisorof codegenerated
by existing TLS techniquesbothwith andwithout value specula-
tion, andthe codegeneratedy the Spicetransformationfor the
loopin Figurel(a).

2.1 TLS Without Value Speculation

Figure2 shavs how theloop from Figurel(a)would beexecuted
by existing TLS techniqueshatdonotemploy valuespeculatioron
two processocores.The solid linesrepresenthe executionof the
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Figure 3: Execution Schedulefor TLS with Value Prediction

codethat performsthe list traversalwhich is synchronizedacross
theiterations.Thedottedlinesrepresenthe codecorrespondingo
thecomputatiorof theminimumelementandthedashedinesrep-
resenthe forwardingof valuesfrom onethreadto anotherthread.
Thenumberdelov thelinesindicatetheiterationnumbersLetty,
t, andts respectiely denotethelateng of eachof theabove three
partsof the executionin anideal executionmodelwherethereis
no variancein the executiontime of thesethreecomponentsiue
to microarchitecturaéffectssuchascachemissesandbranchmis-
predictions.Let thetotal numberof iterationsof theloop be 2n.

Thetotal time takento executethe loop by TLS depend®n the
relation betweenty, t, andts. If t, > t1 + 2£ t3, thenthe com-
putationof cm andwmlies on the critical path. In that case,the
total executiontime is roughlyequalto n£ (t1 + t2), resultingin a
2X speedupver singlethreadedcode. On the otherhand,if the
minimum computatioris not on the critical path,thenthe commu-
nicationof valuesfrom onecoreto anotherwill alsobeapartof the
critical path. In particular if to - ts, thenthetotal executiontime
become@n£ (t1 + t3). Thisresultsin aspeedupf {42, whichis
alwayslessthan2, over single-threade@xecution. For the exam-
plein Fig 1, thelist traversalis indeedon the critical path. Thisis
becausef the high cachemissrate of executingthe pointerchas-
ing load andalsobecaus®f our assumptiorthattheif statement
mostly evaluatesto false . Thus, the expectedspeedupof this
loopin theideal caseis g:—g Fromthis discussionit is clearthat
theperformancef TLS is susceptibleo inter-corecommunication
latencies.

2.2 TLS With Value Speculation

Let usnow considerthe casewherethe TLS techniqueemploys
value predictionto predictthe value of ¢, eliminating the value
forwardingof ¢ betweeniterations. Figure 3 showvs an execution
scheduleof the loop underTLS with value prediction. In the ex-
ample,the predictionof iteration4 is shovn to be wrong, causing
iteration4 to be mis-speculatedndre-executed.Let p denotethe
probability thata given valuepredictionis correct. Assumingthat
the probability of a predictionbeing successfuls independenof

otherpredictionsthe expectedspeedufs % or ﬁ.
If all thevaluesof ¢ aresuccessfullypredictedthenTLS will give
a 2X speedup.Successfupredictiondependshoth on the nature
of the codethat produceghe valuesandthe predictorthatis used.
In this example,the valuesare producedby the nodesof a linked
list. In otter , betweersuccessie invocationsof theloop in Fig-
ure 1(a),the minimumelementfoundby theloop is removedfrom
thelist andsomeothernodesareinsertedinto thelist. Giventhis,
letusnow considewariousvaluepredictorsandseehow successful
they would bein predictingthe valuesof c.

2 The simplestvalue predictoris the last value predictor that
predictsthataninstructionwill producethe samevaluepro-
ducedby theimmediatelyprecedinglynamicinstanceof that
instruction. Obviously, sucha predictorcannot predictthe
addres®of thenodesof alinkedlist.

2 Anothercommonpredictoris thestridepredictor While this
is mostsuitedfor predictingarrayaddressest canalsopre-
dict linkedlist nodesaslong asthe nodesareallocatedcon-
tiguouslyin the heapandthe orderof the nodesseenduring
the traversalmatcheghe orderin which the nodeswereal-
located.But, in this example,evenif thenodesareallocated
contiguously a stride predictorcan not successfullypredict
all thevaluesof ¢ sincetheinsertionsanddeletionscausehe
traversalorderto be differentfrom theallocationorder

2 SomeTLS techniquesusetracebasedpredictorsinsteadof
instructionbasedpredictors. Insteadof predictinga value
basedon which instructionproducesthat value, thesepre-
dictorstry to exploit the correlationof valuesproducedby
differentinstructionsin the sametrace.Marcuelloetal. [14]
proposedthe use of trace-basegbredictorsfor TLS. They
proposeda predictorcalled incrementpredictor which is a
tracebasedequialentof a stride predictor Thetracesthey
useareloop iteration traces,which are unique pathstaken
by the programwithin a loop iteration. Therearetwo paths
in our exampleloop andin both thesepaths,the valuec is
producednly once,by the sameinstruction.Hence for this
example,atracebasedoredictorwould fareno betterthanan
instructionbasedoredictor

Thus,evenif valuepredictionis employed, it is unlikely thatexist-
ing TLS techniqueswvould signi cantly improve the performance
of thisloop. In generalfor applicationloopswith irregularmem-
ory accesseandcomplec control o w, corventionalvaluepredic-
torsfail to doagoodjob. Thenext subsectiordescribehow Spice
predictsvaluesby memoizinghe valuesseenduring the previous
invocationof the loop to breakpreviously hard-to-predicdepen-
denceawith very low mis-speculatiomates.

2.3 SpiceTransformation With SelectveLoop
Live-in Value Speculation

Let usnow seehow Spicewould transformthe sameloop. Fig-
ured shawvstheparallelversionof theloopin Figurel usingSpice.
The exampleshaws parallelizationwith two threadshut it canbe
generalizedo ary numberof threads. For the two threadscase,
only onevalueof ¢ hasto bepredictedsincethereis only onespec-
ulative thread. Assumethatthe variablepredicted_c  contains
thatpredictedvalueof c. Later, in our discussioron the compiler
transformationye describeéhow thisvaluecouldbeobtained Both
threadsexecutethe original loop, but with somedifferencesin the
mainnon-speculatie threadwe addacheckattheendof eachloop
iterationthatchecksif the currentvalueof ¢ equalsthe predicted
value,in which casethe main threadsetsa ag indicatinga suc-
cessfulspeculatiorandexits theloop. Outsidetheloop, it checksf
the ag indicatingsuccessfugpeculatioris set. If it hadexited the
loop becausef a successfuspeculationthe mainthreadreceves
thewmandcmyvaluesfrom thespeculatre threadandcomputeghe
minimum amongthe two wns andthe correspondingm. In case
of mis-speculationthe speculatie threadis squashedin the spec-
ulatedthread,the valueof c is initialized predicted_c . When
it exits theloop, the speculatie threadsendshe cmandwnvalues
to themainthread.



1 ¢ = cm->next_cl;

2  mispred = 1;

3  whilec = NULLY

4 int  w = c->pick_weight;

5 if (w < wm) {

6 wm= w;

7 cm = ¢

8 }

9 ¢ = c->next_cl;

10 ifc == predicted_c) {

11 mispred = 0;

12 break;

13 }

14

15 }
16 if('mispred){
17 receive(thread?2, wm2);
18 receive(thread?2, cm2);
19 iftwm2 < wm){
20 wm= wm2;
21 cm = cm2;
22 }
23 }
24 elsef
25 squash_speculative_thread();
26

(a) Non-speculatie thread(Threadl)

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->next_cl;

9
10 send(threadl, cm);
11 send(threadl, wm);

(b) Speculatie thread(Thread?2)
Figure 4: Parallelization using Spice
time
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Figure 5: Execution Schedulefor Spice

Figure5 shavstheexecutionscheduldor thistransformedtode.
Insteadof alternatingtheiterationsacrosshetwo processocores,
Spicesplits the iteration spaceinto two halves and executesboth
the halves concurrentlyin two differentcores. Assumingagain a
probability p of successfuprediction,andthatthe predictedvalue
splitsthelist in the middle, applying Spiceresultsin an expected
speedupf %p. Thus,if we have a predictorthat canpredictjust
a few valueswith higheraccurag, thenthe expectedspeedupof
Spicewould be higherthanexisting TLS schemessinceSpicere-
quiresfewervaluesto bespeculatedhantheexisting TLS schemes
to producea givennumberof threads Considera simplevaluepre-
diction strateyy whereon every loop invocation,the valueof ¢ in
themiddleof thelist is rememberedndusedasthepredictedvalue
in the following invocation. For the examplein Figure 1(a), this
simplestratey is likely to succeedinceonly onenodeis deleted

from thelist aftereachinvocationandhencethe probability of the
rememberedodebeingremovedfrom thelist is low.

In generalgivenn processocores,the loop in Figure1(a) can
be parallelizedinto n parallel speculatie threadsby predicting
only nj 1 valuesof ¢ acrossthe entireiterationspacé. Eachof
thesethreadsexecutesone chunkof iterationsandhasa low mis-
speculatiorrate. EachSpicethreadis long-runningcomparedo
iteration-granulaiTLS. ConsequentlySpice TLS doesnot incur
frequentthreadmanagementverhead.In the following two sec-
tions, we describethe implementationdetails of Spiceincluding
therequiredarchitecturabupportandthe compilertransformation.

3. ARCHITECTURAL SUPPORT

In this section,we describethe architecturalsupportrequired
to supportSpice. Since Spice executesmultiple threadsconcur
rently, it naturally requiresa multi-core architectureto execute
thosethreads SinceSpiceemploys speculationit requireshefol-
lowing additionalsupport:

Speculative State Whena speculatre threadgeneratedy Spice
needso be squashedueto mis-speculationary changego
architecturastatemadeby thespeculatie threadmustbeun-
done. Undoingthe changedo registerstateinvolvessaving
andrestoringsomeregistervaluesanddiscardingherestand
canbedonepurelyin software. But to undothe changedo
memory specialhardwaresupportis required.Suchsupport
is providedby hardwaretransactionamemory[9] andmem-
ory systemdor threadlevel speculatiori8, 21] which buffer
speculatie stateanddiscardt on mis-speculationWhenthe
programreaches point wherea speculatie threadcannot
be squashedrymore, the buffered stateis committedinto
themainmemoryandthe statecanno longerberolled back.
Our architecturaimodelincludesISA supportto enterinto
a speculatre state,committhe speculatie stateanddiscard
thebufferedstate.

Conict Detection LikeotherTLS techniquesSpicecanusemem-
ory aliasspeculationin additionto value speculation.This
requireshardware supportto detectif a storeandload ac-
tually conict during execution. Many existing TLS sys-
tems[8, 21] provide suchhardwaresupport.

Remoteresteer When a threadis found to have mis-speculated,
the threadthat detectsthe mis-speculatiorforcesit to exe-
cutetherecovery code.To supportthis, we proposearemote
resteemechanisnthatallows onethreadto transfercontrol
in anotherthread. We currently supportit using a special
instructioncalledresteer

COMPILER IMPLEMENT ATION

In this section,we describenow Spiceis implementecasanau-
tomatic compilertransformation. Algorithm 1 outlinesthe Spice
transformationThealgorithmtakestheloopto be parallelizedand
the numberof threadsto createasits inputs. The algorithm rst
computeghe setof live-insthatrequirevalue prediction. This set
is obtainedby rst computingthe setof all inter-iterationlive-ins.
Thoselive-insin this setthat canbe subjectedo reductiontrans-
formations[1] suchassumreductionor MIN/MAX reductiondo
not require prediction. Value predictionis appliedto the rest of
theloop carriedlive-ins. After obtainingthis set,the compilerthen
performsthefollowing steps:

1A reductiontransformationcan remove the loop-carrieddepen-
dencefor wm



Algorithm 1 Spicetransformation

. Input: Loop L, numberof threadd

: Computeinter-iterationlive-insLiveins

: ComputereductioncandidatefReductions

. Live-insto bespeculate®= Liveinsj Redudions

: Createtj 1 copiesof thebodyof L toformt; 1procedures

. Insert communicationfor non-speculatie loop live-ins and
live-outs

. Generateodeto initialize speculatie live-insS

: Generateecovery codein speculatie threads

. Insertcodefor mis-speculatiomletectiorandrecovery

. Insertvaluepredictor

OO WNPE

B o o~

Thread creation: The compilerreplicatesheloopti 1times
and placesthe loop copiesin separatgrocedures.Eachof these
proceduress executedin a separatethread. To avoid spavn-
ing thesethreadsbefore every invocation of the loop, threads
are pre-allocatedto the coresat the entry to the main thread.
Codeis insertedto the main threadloop's preheadeto generate
anew_invocation  tokento all thethreadseforeeachloopin-
vocation.All otherthreadswait onthisnew_invocation  token
andstarttheloop whenthey receve this token.

Communication of live-insand live-outs: Thecompileridenti-
es thesetof registerlive-insto theloop thatneedso becommuni-
catedto the speculatre threads All live-insexceptthe speculatie
live-in setS andthe setof accumulatorsarecommunicated Vari-
ablesusedasaccumulatorsare not communicategincethey have
to beinitialized to 0 in the speculatie threads.

Value speculation: The compilercreatesa globaldatastructure
calledthespeculatedaluesarrayof size(tj 1)£ m, wheremisthe
numberof live-in valuesthat needto be speculatedThe compiler
initializes the speculatie live-insof the loop in threadi with the
valuesfromthe(ij 1) row of the speculatedialuesarray Later
we discusshow the contentf this arrayareobtained.

Recovery codegeneration: The compilercreatesa recovery
block for eachspeculatie threadand generatesodeto perform
thefollowing actions:

1. Restoremachinespeci c registerssuchasthe stackpointer
andthe ag register Registersusedwithin the loop thatis
parallelizedaresimply discarded.

2. Rollbackthememorystateif theloop containsstores.
3. Inform the mainthreadthatrecorery is complete.

4. Exit therecoveryblockandjumpto the programpointwhere
it waits for the mainthreadto senda tokenthatdenoteghe
beginning of the next invocation

Mis-speculationdetectionand recovery: Mis-speculatiorde-
tection is donein a distributed fashion. We rst look at mis-
speculatiordetectionwhenthereis onespeculatie thread(a total
of 2 threads)andthengeneralizat for t threads.Let S bethe set
of all the loop live-in registersthat needspeculation. At the be-
ginning of eachloop iteration,the non-speculatie threadl, which
is alsoreferredto asthe main thread comparests valuesof the
registersin Swith the valuesusedto initialize thoselive-in regis-
tersin thread2. If all the valuesmatchat the beginning of some
iteration j, it implies thatthread? startedits executionfrom iter-
ation j + 1 of theloop with correctlyspeculatedive-in values.In
that case threadl stopsexecutingthe loop at the end of iteration
j andwaits for thread2 to communicatets live-outsat the end of

the loop. On the otherhand,if the valuesnever match,threadl
will eventuallyexit theloop by takingtheoriginalloop exit branch.
Sinceit hasexecutedall the iterationsof the loop and exited the
loop normally; it canconcludethatthread2 hadmis-speculatedn
thatcaseit executesaresteer instructionto redirectthread? to
its mis-speculatiomecovery code.

Mis-speculatiordetectionandrecovery canbe generalizedor t
threads.Threadi is responsibldor detectingwhetherthreadi + 1
hasmis-speculatedh a loop invocation. The compilergenerates
codein threadi at the beginning of eachloop iterationto 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 theit" row of the speculatedaluesarray It then
insertscodethat setsa ag indicating successfukpeculatiorfol-
lowedby abranchto exit theloop, if thevaluesmatch.Outsidethe
loop, codeto checkthis ag andtake thenecessaryecorery action
is generated.

To recover from mis-speculationthecompilergeneratesodeto
performthefollowing actions.Thethreaddetectingmis-speculation,
if itselfis notthemainthread communicatethisinformationto the
mainthread. The mainthreadissuesesteer instructionsto all
themis-speculatethreadghatmalke thesethreadsxecutetheirre-
covery code.lt thenwaitsfor anacknaviedgmentokenfrom each
of themthatindicatesthat they have successfullyrolled backthe
memorystate.Finally, afterall the tokenshave beenreceved, the
mainthreadcommitsthe currentmemorystate.

Mis-speculatiordetectionis illustratedin Figure6. Figure6(a)
shaws the traversalof a list thathas8 nodes. Threethreadspar
ticipatein the traversalof this list. The rst threadtraversesthe
nodesenclosedby the solid box, the secondthreadtraversesthe
nodesenclosedy the dottedbox andthe nodesof the lastthread
areenclosedy thedashedox. SVA denoteghespeculatedalues
arraywhoseelementsontaintheaddressesf list nodeswhich are
live-in to thelist. Assumethat after the invocation,node4 is re-
movedfrom thelist asin Figure6(b). The SVA entrystill pointsto
theremovednode.Whentheloopis invoked again, the rst thread
traversegheentirelist sinceit never nds the nodewhoseaddress
is in the SVA during its traversalas the node hasbeenremoved
from thelist. Thesecondhreadstartsfrom theremorednodeand
dependingnthewhatits next pointerpointsto, will eitherstopthe
traversal,loop forever, or causememoryfaultsby accessingome
invalid memorylocation. Thread3 startsfrom node6 andtraverses
till the endof thelist, repeatinghe work doneby threadl. When
threadl reacheshe endof thelist, it concludegshatthread2 has
mis-speculate@nd squasheshreads2 and3. Notethatif thread
1 comparests live-in registerswith the speculatedi ve-insof both
thread2 and3, thenit needgo squastonly thread2 andthread3's
computationwould not have beenwasted. But this increaseghe
overheadn threadl dueto the additionalcomparison@ndhence
in our currentimplementationthe compilerlimits thecomparisons
to only onesetof live-ins.If thread2 goesinto anin nite loop,the
resteer issuedby threadl will redirectit to thecorrectrecorery
code. The recovery coderolls backits memorystateto undoary
changeshethreadhasdoneto its memorystate.

Valuepredictorinsertion

Thecompilerinsertsinto thethreadsa valuepredictorthat lls the
contentsof the speculated/aluesarray on every loop invocation.
A trivial valuepredictionstratgy is to memoizeor remembethe
live-insfrom tj 1 differentiterationsduring the rst invocation.
Thesetj 1 setof live-inscanbe usedasthe predictedvaluesin

all subsequerihvocations.This approactdoesnotadaptto change
in programbehaior andhencedoesnot work in mary cases.For
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Figure 6: List Traversal Example

instancef thevaluesthatarememoizedareaddressesf thenodes
nodesof alinkedlist, andif amemoizedhodeis removedfrom the
list, all subsequeninvocationswill mis-speculateven if the list

elementdardly changesubsequently

A betterapproachis to make the predictormemoizethe values
not just once,but on every invocationof the loop. Valuesmemo-
izedin oneinvocationareusedasa predictiononly in the next in-
vocation. This approachadaptdtself betterto changesn theloop
behaior. Moreover, this alsoallows dynamicloadbalancingsince
thework doneby the speculatre threadsdepend®n theiterations
whoselive-invaluesarepredicted.

The value predictorhastwo components.The rst component
of the value predictorthat writes to the speculatedraluesarrayis
distributed acrossall the threads. To implementthis component,
the compiler rst createsa setof datastructuresusedby the pre-
dictor. A list calledsvai is createdperthread.Theentriesof this
arrayfor threadi containtheindicesto the speculatedaluesarray
(sva) to which threadi shouldwrite to. Anotherperthreadlist
calledsvat containsthresholdghat determinewhich valuesare
memoized.Thecompileralsocreatesaanarraycalledwork whose
entriescontainthe amountof work doneby eachthread. This is
usedin dynamicloadbalancing.

Algorithm 2 Spicevalueprediction
my-work =0
for eachiterationof theloop do
my-work = my-work + 1
if my-work > swvat[list-index] then
sva[swai[list-index]] = loop carriedlive-insin currentitera-
tion
list-index = list-index+1
endif
end for
work[my-thread-id}= my-work

The compiler emits the code correspondingo Algorithm 2 in
eachthreadto memoizethevalues.Eachthreadmaintainsacounter
my-work thatis a measureof the amountof work doneby that
thread. In our currentimplementationthe threadsincrementthe
counteronceper loop iteration. A more accuratemeasureof the
work donecouldbeobtainedy readingtherelevanthardwarecoun-
ters periodically If the work doneso far exceedsthe threshold
found in the headof the svat list for this thread,thenthe cur
rentloop live-in valuesarerecordedn the sva array Theindex
to the sva arraylocationto which the value hasto be written is
given by the value at the headof the svai list. After writing to
thesva array the headpointersof boththelists areincremented.
After exiting theloop, the threadwritesthetotal work donein that
invocationto the globalwork array

The othercomponenbf the value predictoris centrallyimple-
mentedn a separat@rocedure This components executedatthe

Core FunctionalUnits: 6 issue 6 ALU, 4 memory 2 FR, 3 branch
L1l Cache:l cycle, 16 KB, 4-way, 64Blines

L1D Cache:1 cycle, 16 KB, 4-way, 64B lines,write-through
L2 Cache5,7,9cycles,256KB, 8-way, 128Blines,write-back
MaximumOutstandind-oads: 16

Shared_3 Cachg > 12cycles,1.5MB, 12-way, 128Blines,write-back

Main Memory Latengy: 141cycles

Coherence Snoop-basedyrite-invalidateprotocol

L3 Bus 16-byte,1-cycle, 3-stagepipelined,split-transaction

buswith roundrobin arbitration

Table 1: Machine details.

endof eachloopinvocation.It collectstheamountof work doneby
eachthreadin thatinvocationand decideson the iterationsof the
next loop invocationwhoselive-in valueshave to be memoized.
Dependingon which threadsexecutethoseiterations,it generates
the entriesof the svai list. But how theiterationswill be parti-
tionedamongthethreadsn thenext invocationcannot bedecided
apriori attheendof currentinvocationsinceit depend®nthepro-
gramstate.Hence the predictormakesthefollowing assumptions:

1. In futureinvocationsthe total amountof work donewill re-
mainthesame.

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

Theseassumptiongnablethe predictorto orchestratehe mem-
oizationin away thatresultsin load balancing.This is bestillus-
tratedwith an example. Considerthe casewheretherearethree
threadsvherethework doneby eachthreadin a particularinvoca-
tion are10, 1 and1 unitsrespectiely. Basedon the rst assump-
tion, the predictorwantsto collectthelive-inswhenthetotal work
donein a sequentiabxecutionare4 and8. It thenusesthe second
assumptiorto determinewhich threadswill have to write the val-
ues. In this example,the work doneby the rst threadin the next
invocationis assumedo be 8 andsoboththerows of thesva are
written to by the rst threadafteriterations4 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 threadghe headelemenif svat is setto ¥ sothatthey
would never write to thesva array

5. EXPERIMENT AL EVALUATION

We now describeour experimentalevaluationof Spice. We use
a cycle accuratemulti-core simulatorto evaluatethe performance
bene tsof usingSpice.Ourbasemodelis a4 coreltanium2 CMP
model modeledusing the Liberty simulationenvironment(LSE).
The architecturaldetails of eachcorein our model are given in
Table 1. To supportthe remoteresteermechanismwe male the
resteer instructiontake a programaddresgo which the control
is transferredn a differentcore. This could alsobe implemented
throughan OS call thatsendsa signalto the remotethread.While



Benchmark| Description Loop Hotness
ks Kernighan-Lin graph | FindMaxGpAndSwap | 98%
partitioning (innerloop)
otter theorem prover for | nd_lightest cl 20%
rst-order logic
181.mcf vehiclescheduling refresh_potential 30%
458.sjeng | chesssoftware std_eval 26%
Table 2: Benchmark Details
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Figure 7: SpiceResults

thecoreshave the ability to buffer memorystateto enablerollback
of the speculatie state,our architecturesimulatordoesnot sup-
port detectionof con icts in hardware. This restrictsthe loopsto
whichwe canapplythetransformationThe setof benchmarksve
useto evaluatethe techniqueis givenin Table2. Theseloopsare
choserfrom a setof loopsthatarefound, by manualinspectionof
the sourcecode,to be good candidatedor this techniquebut are
notDOALL. Fromthatset,we removedloopsthatdo notexecute
for a signi cant fraction of the programs executionandthosethat
requirememorycon ict detection.Section6 describesa pro ling
frameawork thatcanbeusedto automateheabove procesof deter
mining theloopsto which Spicecanbe applied.

Theprogramis rst compiledto alow level intermediateepre-
sentation Classicabptimizationsareappliedto thislow level code
beforeapplyingthe SpicetransformationTranslationto IA-64 as-
semblyis followed by anotherround of classicaloptimizations,
scheduling registerallocationanda nal schedulingphase. The
resultsreportedarein termsof loop speedupver singlethreaded
binary, which is subjectedto the samesequencef optimization
passe®xceptSpice. Exceptfor theloop beingoptimized,therest
of theapplicationremainsunchangedConsequentlydetailedper
formancesimulationis doneonly for the loops being optimized.
The cachesandbranchpredictorsare kept warm while the restof
theapplicationis executedon a fast-formardmode.

Figure 7 shavs the speedup®btainedon these4 loops. The
speedumumbersareshavn for boththe2 threadsandthe4 threads
casesThespeedupsangefrom 24%in 458.sjeng  with 2threads
to ashigh as157%on theloop in ks with 4 threads. The whole
programspeedupan be obtainedfrom the loop speedumndthe
fraction of time spenton the loop in the original program. There
are several factorsthat prevent the actual speedugfrom beingin
line with theideallinear speedupexpectedirom threadssxecuting
in aDOALL fashion:

Mis-speculations 458.sjeng  istheonly benchmarkhatsuffers
hearily dueto mis-speculation. Around 25% of the invo-
cationsmis-speculatén this benchmark.In the otherthree
loops,themis-speculatiomateis lessthan1%.

Load imbalance Thenumberof iterationsperinvocationvariesin
otterdueto insertiongo thelinkedlist. Loadbalancingplays
animportantrole in speedingup theloop's execution.Since
our distributedre-memoizatiorstratgly doesnot equallydi-
vide the work amongthe differentcores,it resultsin some
slowdown comparedo anideal casewherethework among
thethreadss equallydivided. In 458.sjeng , eventhough
thevariancein the numberof iterationsperinvocationis not
very high, the actualnumberof instructionsexecutedper it-
erationvariesacrossterations.A bettermetricfor load bal-
ancingthanjustiterationcountswould improve the speedup.
Loadbalancings alsoanissuein 181.mcf dueto thevari-
ability in the numberof iterationsof theinnerloop perouter
loopiteration.

Speculationoverhead Even when there is no mis-speculation,
thereis an overheadin checkingfor mis-speculatiorevery
iteration. In otter , the time to executethe loop body per
iterationis low andhencethe overheadasa fraction of use-
ful executiontime, is high. In 458.sjeng , the overhead
is high becausehere are 8 distinct live-in valuesthat are
comparedvith the memoizedvaluesof the next threadand
ANDedtogethetto determinevhetherthespeculations suc-
cessful.

Other overheads Themainthreadhasto communicatdive-inval-
uesthatarede ned outsidetheloop to all the otherthreads,
collectall live-outvaluesandperformoperationsuchasre-
ductionsattheendof eachinvocation.This overheads typ-
ically low asit is paid only onceperinvocation. However,
certainearlyinvocationsof the otter  loop have smalltrip
countcausingthis overheadto becomea signi cant perfor
mancefactor

Theresultsshav that the proposedechniqueis a viable paral-
lelization techniquefor certainclasseof loops. While the abore
parallelizationopportunitieswere manuallyidenti ed to the com-
piler, the next sectionpresents valuepro ling frameavork which
canbe usedto pro le applicationsfor loop live-in predictability
acrossloop invocationsand enablethe compilerto automatically
identify opportunities.

6. VALUE PROFILER

This sectiondescribesa genericvalue pro ling framework to
characterizeéhe predictabilityof loop live-in valuesacrosdoopin-
vocations. This characterizatiomwill enableus to understandhe
limits andthe potentialof Spice.Practicalissueghatmustbeover-
cometo enablethe useof this pro ling framework for automatic
identi cation of loopsfor Spice-parallelizatiomrealsodiscussed.

Thepro ler takesaprogramin low level IR, andidenti es theset
of loopswhoseloop-carriedlive-insare predictable. The pro ler
consistf two componentsaninstrumenterandananalyzer We
now describehesetwo componentsn detail.

6.1 Instrumenter

The rst stepof theinstrumentatiorprocesss to identify the set
of loopsthatarecandidatesor valuepro ling. Only loopsthatex-
ecutefor morethan0:5% of thetotal executiontime, asdetermined
by the dynamicinstructioncount, and are not DOALL-able, are



consideredor value pro ling. For theseloops, the instrumenter
identi es the setof valuesthat are live-in acrossloop iterations.
Theinstrumentethenfurthertrims this setasdescribedelow.

Reductions

It rst identi es thesetof operationghatarecandidate$or reduc-
tion transformationgl]. For instancejf theloop hasanaccumu-
lator variablesum which is incrementedy the statemensum =

sum + A[i] ,thenthevariablesumis live-in attheloop header
But this doesnot preventthe loop from beingparallelizedif sum

is not reador written anywhereelsein theloop, sincethe parallel
threadscanindependentlycomputethe value of sum, and nally,

afterall thethreadshave completedheir executionsaddthevalues
to getsum. Hencethis live-in canbe removed from the set. Sim-
ilarly live-insusedto computeother associatie operationssuch
asmultiplication, computationof minimumor maximumof anar

ray, areremovedfrom the set. Remaing suchloop-carrieddepen-
denceswhich canbe handledn otherways,is importantto obtain
meaningfulresultsfrom thepro ler.

Low FrequencyMemoryDependences

If the programon which the instrumenteiis appliedhasmemory
pro ling annotationshen the instrumentercan use the memory
con ict frequeng informationto excludeloop live-inscreatedby
low frequeny memorydependencdsom thecorrespondindpop’'s
live-in set. Any resultingSpiceparallelizationwill thenneedrun-
time memorycon ict detectiorto handleary memorydependence
violationscausedy oneof theseexcludedloop live-ins.

Theinstrumentetheninstrumentghe programto recordthe set
of loop carriedlive-insfor theloopsunderconsiderationFor each
loop, anarrayis allocatedwhosesizeis setto the cardinalityof the
loop carriedlive-in set. At the entryto the loop, the setof regis-
ter live-ins are storedat distinct locationsof this array For each
memorylive-inthatloadsavalueinto aregisterr , theinstrumenter
insertsthe codeto storetheregisterr into the arrayafterthe load
operation.

At the loop preheaderthe instrumentelinsertsa call to an an-
alyzermethodnew_invocation  thatinforms the analyzerthe
startof a new invocationof aloop which is uniquelyidenti ed by
theargumentto themethod.At theendof theloopiteration,before
the backwardbranchto theheadeof theloop, theinstrumentein-
sertsa call to an analysisroutinerecord_values passingthe
array containingthe live-insfor thatloop. Laterwe describehow
the analyzerprocessethis array Finally, the instrumenteiinserts
acall to ananalyzemethodexit_program  to inform the ana-
lyzer thatthe programis goingto exit makingthe analyzeroutput
its analysis.

Loadsthatarecontainedwithin innerloopsposea problemdur-
ing instrumentationFor a giveniterationof the outerloop, aload
in aninnerloop canget executedmorethanonce. However, only
thevalue producedby the rst dynamicinstanceof theloadin the
outerloop executionis consideredoop-carriedwith respecto the
outerloop andsoonly thatvalueneedgo bepro led. Thiscanbe
achiezedby associating guardvariablefor eachsuchload. A load
is pro led only if theassociateduardis true. Theinstrumenteen-
sureghattheguardis setto trueonly for the rst dynamicinstance
of thatloadin anouterloopiteration

6.2 Analyzer

The analyzemprocessethe setof live-in valuesin eachloop it-
erationto determineif the live-insof the loop exhibit predictabil-
ity acrossinvocations. For eachloop L, the pro ler associates
probability P(L) and the invocationsof L are sampledwith that

probability Samplingis doneto reducethe pro ler overhead.For
eachsamplednvocation,the analyzemgetsthe setof live-in values
every iterationthroughthe call to record_values method. It
computesa signatures of the live-in values. All suchsignatures
in aninvocationareaddedto a setS. In thefollowing invocation,
the analyzeragain computeshe signatures of the live-in setand
searchethesignaturesetSto seeif thesignaturesis found. It then
computeghefractionof loopiterationsf in which thesignatures
foundin S. If f is above somethresholdt, the analyzerconsiders
theloop invocationto be predictable.

6.3 Predictability of Values

Figure 8 summarizeghe resultsfrom the pro ler on a set of
benchmarkdgrom the SPECinteger suites,the Mediabenchsuite
anda few otherapplications. We usea thresholdof 0.5 to deter
mineif aloop invocationis predictable.In otherwords,aloop in-
vocationis considerecpredictablef thelive-insof morethanhalf
its iterationsmatchlive-insfrom the previousinvocation. We then
classifyeachloopinto oneof four predictabilitybinsbasecbnwhat
percentagef its invocationsare predictable:low (1-25%), aver
age(26-50%),good (51-75%),and high (76-100%). The number
of loopsin eachbenchmarkthat fall undereachof thesebins is
shavn in Figure8. Theloop countsarenormalizedto 100. Miss-
ing barsfor benchmarkéndicatethatnoneof theinvocationsn ary
of theloopsshaw predictability Theabore gure indicatesthatin
mary of the applications,a signi cant fraction of their dynamic
loop invocationsshav goodto high predictability We expectthat
agoodnumberof thesdoopswill bene tfrom SpiceTLS.

As mentionedn Section5, while the Spicetransformatiorhas
beenautomatedn our researctcompilet the speci c paralleliza-
tion opportunitieshemseleshadto be manuallyidenti ed to the
compiler Theuseof theabove pro ler outputto automaticallyde-
tectopportunitiesfor Spice-parallelizationvasprecludeddueto a
few missingpiecesin the automationprocess. In particular the
predictability valuesreturnedby the valuepro ler will have to be
takeninto accountin conjunctionwith otherinformationsuchas
the structureof the loop nesttree and the cumulatize execution
weight, the total numberof invocations,andthe numberof itera-
tions per invocationof eachnodein the loop nesttree. Further
more, if both outerandinnerloopsof a loop nesthave desirable
executionandvalue pro le characteristicsthenthe compilerhas
to usesomeheuristicto decidewhattheright granularityof Spice-
parallelizationis. Outerloopstypically executefor mary iterations
and hence,when Spice-parallelizedcanyield signi cant perfor
manceimprovements.On the ip side,if the outerloop executes
for very few invocations,the fraction of invocationsthat are suc-
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. We arecurrentlyworkingon
formulating and incorporatingtheseheuristicsin our compilerto
evaluatethe speeduppotentialof Spiceacrossentireapplications.

7. RELATED WORK

Lipasti [10, 11] shaved that datavaluesproducedby instruc-
tions during programexecutionshav a lot of predictability and
proposedhe useof value predictorsto exploit this predictability
In ourwork, we employ valuepredictionto only afew selectedly-
namicinstance®f astaticoperation.Calderetal.[2] alsoproposed
a techniquecalled selectivevalue prediction While they propose
instruction Itering mechanismgo determinewhich instructions
write into the value predictiontable in a uniprocessqroursis a
purely software basedvalue predictionwith the goal of extracting



100

" I
g Bt
% L
$ 50
‘g‘ kL
§ 25 H ﬂ
0 \ H \ \ \ \ L O =
O AN RN R AR ¢° & eé? SN O
0@.«?‘@@ S R A »‘b”@@‘} #5055
PP
(a) SPECintegerbenchmarks
100
% 75
5
g 50
0 1 1 1 1 1 1 1 1
L K A S S
K $ ¢ & (&& & &
(b) Mediabenctandothers

Figure 8: Value predictability of loopsin applications. Each loop is placedinto 4 predictability bins (low, average,good and high)

and the percentageof loopsin eachbin is shown.

threadlevel parallelism.Marcuelloet al. [14] proposedhe useof
valuepredictionfor speculatre multi-threadedarchitecturesThey
investicatedbothinstructionbasedpredictorsandtracebasedore-
dictors,in which the predictorusesthe loop iterationtraceasthe
predictioncontet. Stefanetal. [22] proposethe useof valuepre-
diction aspartof a suiteof techniquego improve valuecommuni-
cationin threadlevel speculation.They usea hybrid predictorthat
choosedetweena stride predictorand a context basedpredictor
Cintraand Torellas[4] alsoproposevalue predictionasa mecha-
nismto improve TLS. They usea simplesilentstore predictorthat
predictsthe value of a loadto be the last value written to that lo-
cationin themainmemory Liu etal [12] predictsonly thevalues
of variablesthatlook lik e inductionvariables. Oplinger[15] also
incorporatesvaluepredictionin TLS designwith aparticularfocus
on function returnvalues. Our work focuseson a compilerbased
techniqueto predicta few valueswith high accurag. Zilles [23]
proposeMaster/Slae speculatie parallelization(MSSPwhichis
aspeculatie multi-threadingechniquethatusesvaluespeculation.
Thepredictionin MSSPis madeby a distilled program which ex-
ecuteghespeculatie backwardslice of theloop live-ins.Our soft-
warevalue predictorpredictsbasedon valuesseenin the pastand
doesnot have to executea separateéhreadfor prediction.
SomeTLStechnique$3, 4,16,17] have alsoproposedheuseof
iterationchunking.Thesechunksareiterationsof x edsize,while
in our casethe numberof chunksequalsthe numberof processor
coresandthe chunksizeis determinedat runtimeby the load bal-
ancingalgorithm.The LRPD test[18] andthe R-LRPDtest[6] are

alsospeculatie parallelizationtechniqueghat chunkthe iteration
spaceput they usememorydependencspeculatiorandnot value
speculation.

8. CONCLUSION

This papemresented new speculatre parallelizatiortechnique
calledSpicethatusesanovel valuepredictionmechanisnfor thread
level parallelism.Thevaluepredictionmechanisnis basedn two
new insightson the differencesetweervaluespeculatiorfor ILP
andTLP. Thehighly accurateandtargetedvalue predictionis ac-
complishedby the compiler without ary supportfrom the hard-
ware. The paperdescribedn detail the algorithms,compilerim-
plementationand the hardware supportrequiredto automatically
apply Spice.We evaluatedSpiceon a setof 4 loopsfrom general-
purposepplicationavith complex control o w andmemoryaccess
patterns.Spiceshavs up to 157%(101%on average)speedupn
the setof loopsto which it is applied. We alsopresentedh value
pro ler which demonstrateshat the kind of value predictability
exploited by Spiceis presentin mary benchmarksindicatingthe
wider applicability of Spice.
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