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Abstract

Parallelizing compilers have traditionally focussed
mainly on parallelizing loops. This paper presentsa new
framavork for automatically parallelizing recursive pro-
ceduesthat typically appearin divide-and-conquealgo-
rithms. We presentcompile-timeanalysisto detectthe in-
dependencef multiplerecursivecallsin a procedue. This
allowsexploitationof a scalableformof nestecparallelism,
whee ead parallel task can further spawnoff parallel
workin subsequentecursivecalls. We describea run-time
systemwhich efficiently supportsthis kind of nestedpar-
allelismwithoutunnecessarilplocking tasks.We haveim-
plementedhisframevorkin a parallelizingcompilerwhich
is ableto automaticallyparallelize programslike quicksort
and megesort,written in C. For caseswhee eventhe ad-
vancedsymbolicanalysisandarray sectionanalysiswe de-
scribeare notableto provetheindependencef procedue
calls, we proposenoveltechniquesfor speculativeun-time
parallelization, which are more efiicient and powerful in
this context thananalogougedniquesproposedreviously
for speculativelyparallelizing loops. Our experimentalre-
sultson an IBM G30 SMP madine showgood speedups
obtainedby following our approad.

1 Intr oduction

While parallel machinesare increasingly becoming
ubiquitous,developingparallelprogramscontinuego be a
tediousanderrorpronetask. Parallelizingcompilersoffer
the potentialadvantageof exploiting parallelismin sequen-
tial programswhich are easierto write, maintain,andport
to othermachines.However, currentparallelizingcompil-
ersare usually able to detectonly loop-level parallelism,
andhencecateronly to a restrictedclassof programs.This
paperpresentsan approachto parallelizingrecursve pro-
cedureswhich enablesautomaticparallelizationof a class
of applicationsthat cannotbe parallelizedby the previous
generatiorof compilers.
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Our work exploits a scalableform of nestedfunctional
parallelismby detectinghe mutualindependencef multi-
plerecursve callsinsideaprocedureThis approachs par
ticularly well-suitedto parallelizingapplicationemploying
adivide-and-conquealgorithm. Suchanalgorithmusually
consistof threesteps(i) divide—theproblemis partitioned
into two or moresubproblems(ii) conquer— the subprob-
lemsaresolvedby recursve callsto theoriginal procedure,
and (iii) combine— the solutionsto the subproblemsare
combinedto obtainthe final solutionto the overall prob-
lem. Typically, the partitioningof the problemduring the
first stepis performedsuchthat the recursve calls during
thesecondstepcanbeexecutedindependently

The divide-and-conquestyle of writing array based
computationss likely to gain popularityin the future, asit
allows betterexploitation of the memoryhierarchyin mod-
ern machines particularly when usedtogetherwith a re-
cursively blockedarraydatalayout[11]. Researchersave
recentlydemonstrateduchalgorithmsfor linearalgebraic
computationslike matrix multiplicationandQR factoriza-
tion, that performsignificantlybetterthanequivalentlevel-
3 BLAS (basiclinear algebrasubprogram)todes[5, 11].
While our compilerdoesnot yet adequatelyanalyzearrays
using blockedlayout, this work provides a foundationfor
parallelizingthesecodesaswell in thefuture.

This papemakesthefollowing contributions:

e It presenta compile-timeframevork, usingpowerful
symbolic array sectionanalysisinterprocedurally to
detectthe independencef multiple recursve callsin
a procedure.We describedesigndecisionghat make
our analysisefficient, yet effective.

e It presentmovel techniquedor speculatie run-time
parallelizationto deal with casesthat defy compile-
time analysis.Thesetechniquesaremoreefficientand
powerful, in the context of parallelizing divide-and-
conquercomputationsthananalogousechniquegro-
posedearlierfor speculatiely parallelizingloops[23].

e It present&xperimentalkresults,demonstratinghe ca-
pability of our compilerin automaticallyparallelizing



programdlike quicksortand megesort(written in C)
andshaving theimpactof therun-timesystemdesign
on performance.

Therestof this paperis organizedasfollows. Section2
discusseselatedwork in this area. Section3 presentsa
motivating examplefor our work. Section4 describeghe
compiletime analysisto infer the independencef various
recursve calls in a procedure.Section5 describesa run-
time systemthat efficiently supportsthe parallelizationof
recursve procedures. Section6 discussegechniquedor
speculatre parallelizationthat can be usedto effectively
dealwith casesvherecompile-timeanalysisaloneis notac-
curateenoughto detectparallelism.Section7 presentghe
experimentakesultsobtainedonanIBM G30sharednem-
ory multiprocessarFinally, Section8 presentzonclusions
andideasfor futurework.

2 RelatedWork

A greatdealof previousresearclon usinginterprocedu-
ral analysisn parallelizingcompilerq12] hasbeendirected
towardsparallelizingloopscontainingprocedurecalls,and
doesnot attemptto find non-loopparallelism.

Girkar and Polychronopouloshave proposeda frame-
work for exploiting task-level parallelismin programq7].
They usea hierarchical taskgraphto representontroland
data dependencebetweentask units such as loops, ba-
sic blocks or proceduresin a hierarchicalmanner Ra-
maswamyet al. have presentedan approachthat uses
compile-time analysisto combine task-parallelismwith
data-parallelisni2?]. Thesaesearcherdonotdiscussan-
dling recursve procedures.

In the context of functionallanguagedike SchemeHar
rison hasproposedecursionsplitting [16], a transforma-
tion which corvertsarecursve procedurento loops. These
loopsareparallelizedy standardoop parallelizatiormeth-
odsandaspecialttechniquecalledexit-loop parallelization,
whichhandlegecurrence@ controlflow cycleswith exits.
In contrastpurwork directly recognizesheparallelismbe-
tweendifferentrecursve procedurecalls, without attempt-
ing to transformthemto loops.

Severalresearcherbave usedpointeranalysisto recog-
nize parallelismin programghatuselinked datastructures
like treesandlinked lists [14, 19]. Thesetechniquesare
complementaryo our work, which relieson moredetailed
array sectionanalysisto work with array-based¢omputa-
tions (including thoseaccessin@rraysvia pointers). Ses-
eral othersystemssuchasCilk [2] andthe Multilisp lan-
guage[17] provide run-timesupportto exploit parallelism
betweerrecursve calls.

RinardandDiniz presentommutatvity analysig24] for
parallelizingirregular, object-based¢omputationsjnclud-
ing recursve procedureswhich perform operationsthat

QuickSort(A, low, high) {
if low < high
p = Allow]
lastsmall = low
for : =low+1 to high do
if (AlZ] <p) then
lastsmall = lastsmall + 1
Swap( Allastsmall], A[7])
endif
enddo
Swap(A[low], A[lastsmall])
QuickSort( A, low, lastsmall)
QuickSort( A, lastsmall 4 1, high)

endif
}
Swap(z,y) {

t=z, =y, y=t
}

Figure 1. Program example: quicksort

commute.Theirwork doesnothandlemethodsvhichwrite
into theirreferenceparameters.

RuginaandRinardhave independentlydevelopedtech-
niguesto automaticallyparallelizedivide-and-conqueap-
plications[25]. They achieve roughlysimilar resultsasour
work. However, the two approachesliffer in the follow-
ing ways. First, our work usesdifferentsymbolicanalysis
techniqueghatextendthoseemployedn productioncom-
pilers: we usenaovel extensionsto (anda combinationof)
guardedarray region analysis[8], symbolic rangepropa-
gation[1], andgeneralization®f induction variableanal-
ysis [6], while Ruginaand Rinard useabstractinterpreta-
tion techniquesndcorrelationanalysisof variablesto ob-
tain preciseenougharrayaccessnformationto supportde-
tection of parallelism. We believe that their analysis[25]
would fail to detectparallelismin our motivatingexample,
describedn Section3. Secondpurwork is uniquein pre-
sentingtechniquedor speculatie parallelizationof recur
sive procedureswhich canbe usedto parallelizeprograms
wherecompile-timeanalysisaloneis incapableof extract-
ing parallelism.

Moon and Hall usepredicatedarray dataflow analysis
for automatigarallelizatior[20]. They deriveefficientrun-
time parallelizatiortestsfrom thesepredicates.

3 Motivating Example

Considera quicksortprogram,takenfrom [18], shavn
in Figure1. The QuickSort procedureselectsan element
p = A[low] asa pivot elementaroundwhich A[low : high]



is partitioned. After partitioning the array suchthat ele-
mentssmallerthanthe pivot elementare moved beforethe
positionlastsmall it makestwo recursve callsto sortthe
two partsof the array A. Theserecursve calls operateon
distinct sectionsof the array The compiler requiresad-
vancedsymbolicanalysisandinterproceduraarraysection
analysisto infer thatthereis no overlap betweendataref-
erencedn the two calls. Hence,thesecalls canbe exe-
cutedin parallel. The parallelismbetweenthe two proce-
dure calls canbe exploited at eachsuccessk level of re-
cursion. Hence the run-timesystemcanallow the number
of parallelwork itemsto be steadilyincreasedintil it is no
longerprofitableto createadditionalparallelwork.

4 Compile-Time Analysis

The basic goal of our compile-timeanalysisis to de-
terminethe independencef differentrecursve callsin a
procedurebasedntheabsencef dataandcontroldepen-
dencedetweerthem. We have addedtheseanalysego an
existing optimizer the Toronto PortableOptimizer which
formspartof both Fortran90 andC compilers.It workson
acommonintermediatédanguageW-Code thatis produced
by differentfront-ends. Theseanalysesare performedaf-
teraninterproceduraapplicationof classicabptimizations
like constanpropagationgcopypropagationanddeadcode
elimination.

4.1 BasicArray ReferenceProcessing

The optimizerdealswith differentkinds of arrays stati-
cally or dynamicallyallocatedpossiblyaccessetia point-
ers), and those originating from different languagecon-
structs(and hence,with different datalayout orders),in
a unified manner It seesarray referencesn the form of
*(base + disp)[sub], where(base + disp) is the address
where the 0¢* array elementwould be located it is an
adjusted,hypothetical,addressf zerois not a valid sub-
script),andsubis the linearizedsubscript.For an explictly
namedarray (say A[]), the baseexpressionis an address
of the variable(A4), while for an arrayaccessedhrougha
pointer, it representshe valueof the pointer The compiler
performsflow-sensite, contet-sensitive, interprocedural
pointeranalysis[3], which is usedto provide aliasingin-
formationto array sectionanalysis. If an arrayis aliased
with anothervariable,an accesdo thataliasedvariableis
regardedaspotentiallytouchingary partof thegivenarray

The subscriptinformationfor a multidimensionakrray
which appearso theoptimizerin analmostiinearizedform
(theinformationaboutindividualdimensionss retainedvia
separaténdexing opcodesfor differentarray dimensions,
generatedby the Fortran90 andC front-ends)js processed
torecover separatsubscripwaluesfor distinctstridesbeing

usedin the (linearized)subscripexpression Currently our

techniquedail to accuratelyhandlecasesvherethe base
addresss notinvariant,but canbe extendedto cover cases
wheredirectadditionsto the baseaddresgratherthansub-

scripts)areusedto accesdlifferentarrayelements.

4.2 Interpr ocedural Array SectionAnalysis

For eachprocedurethe compilerobtainsthe following
informationaboutformal parameterandglobalvariables:
MAY DEF: variableghatmaybewritten.

MusTDEF: variableghataredefinitelywritten.
UPEXPUSE: variablesthat may have an upward exposed
use i.e., a usenot precededy a definition along a path
from the procedureentry.

For arrays,this informationis representedising a list
of Guarded Array Regions (GARS)[8]. A GAR is atuple
(G, D), whereD is aboundedReular SectionDescriptor
(RSD)[13] for theaccessedrraysectionandG is aguard
thatspecifieghe conditionunderwhich D is accessedB].
The boundedRSD provides information aboutthe lower
bound,upperbound,andthe stridein eachdimensionand
thusrepresentsectionghatmaybedescribedisingFortran
90 triplet notation. Eachbound,strideor predicatexpres-
sionmayincludeconstant®r scalarghatareformal param-
etersor globalvariablespr it maytakeastaticallyunknovn
value,representeds_| .

While performinga union or subtractionoperationon
GARs,if theresultcannotbe accuratelyrepresentedsing
asingleGAR, it is representecsa list of GARs. In our
currentimplementationwe alsoextendthe representation
of a GAR in asimilar manner:it consistf alist of RSDs
associatedavith a singleguard. For the sakeof efficiengy,
the numberof entriesin eachlist is not allowedto exceed
aparameterizedonstanvalue(our currentimplementation
usesa valueof 5). Wheneer an operationwould leadto
thesizeof thelist exceedingthis limit, entriesfrom thelist
areheuristicallychoserfor combining. Furthermoregach
time the array accesss summarizedor aninterval, i.e., a
loop or theentireprocedurethelist is compressedf some
entriesin thelist canbe combinedwithoutlosingaccuray.

Theprocedurdor computingM Ay DEF, MUSTDEF and
UPEXPUSE is describedin [8]. Our adaptationof this
procedure,apartfrom applying it to handlerecursionas
well, differs from [8] mainly in the following ways: (i)
we usemore sophisticatedymbolicanalysis,discussedn
Section4.5, to obtainmore precisearray sectioninforma-
tion, and (ii) we control the costof symbolic analysisby
performingsymbolic expressionsimplification only when
compressinghe list of GARs, ratherthan eachtime a set
operationis performedontwo GARs.

For the purposeof illustratingour analysigo detectpar
allelism betweenrecursve calls, we outline the procedure



briefly for computingUPEXPUSE, whichis donein aback-
ward passover the control flow graph(CFG). It is based
on computingthe sets UEUIN/UEUOUT, at entry/&it of
eachCFG node,which keepa cumulative accountof up-
ward exposedusesstartingbackwarddrom the exit node.
UEUOUT; isinitializedto @ for the exit node,andthevalue
of UEUIN obtainedfor the entry nodeis usedasthe sum-
mary UPExPUSE informationfor the procedure.The fol-
lowing basicequationglescribehe computatiorfor anode
1, which couldrepresena basicblock, loop, or procedure.

UeulN, = [UeuOuTt; — MustDEFR]JU (1)
UPEXPUSE; (2)
UEUOUT; = Usesuce(s) UEUIN, 3)

While applyingEquation3 above, the conditionfrom the
predicateassociatedvith the control flow edgefrom node
1 to nodes is addedto the guardof the GAR representing
UEUIN;,. We useinterval analysigo handleloops[8, 10].

The overall interprocedurabnalysisis performedin a
reversetopologicalsort order over the call graph. In the
absencef recursion,this ensureghat while encountering
a call to procedurep, the summaryMAY DEF, MUSTDEF,
andUpPEXPUSE informationrecordedor p is alreadyavail-
able at its call site. This summaryinformation is trans-
latedto replaceformal parameterby actualagumentsised
at the call site. Our currentimplementatiorperformsthis
translationaccuratelyonly for casesvherethe array shape
doesnot changeacrosghe procedurecall. The aliasingin-
formation,obtainedseparatelypy thecompiler is takeninto
accounby modifyingthearraysectioninformationconser
vatively, asmentionedn Section4.1.

Some observations We have found information from
guardgo becrucialfor accuratearraysectionanalysis.For
example,while computingUPExPUSE for A in the Quick-
Sortprocedureshovn in Figure 1, considerthe apparently
simpleunion operationof A[low : low : 1], from theread
accesdbeforetheloop,with A[low + 1 : high : 1], fromthe
readaccessn the loop. The compilerwould fail to obtain
the resultingsection,which may be over-approximatedor
correctnessasAflow : high : 1], withoutinformationfrom
thepredicatd low < high) thatguardsthe procedureébody.
Clearly A[low : high : 1] would not correctly represent
Allow : low : 11U Allow + 1 : high : 1] if (low > high),
sinceit wouldbeanemptysectionunderthatcondition,and
hencewould incorrectlyexcludethe element4 [low].

Using a list of GARs givesus the flexibility of attach-
ing andexploiting guardinformationin a natural,bottom-
up manneyratherthanhaving to propagateuardinforma-
tion eagerlyinside programintervals. In the abore exam-
ple, the entriesfor array sectionsA[low : low : 1] and
Allow + 1 : high : 1] would be keptseparaténitially. The

predicate(low < high) is addedto the list of GARs just
before UPEXPUSE is summarizedor the QuickSort pro-
cedure. It is during the compressiorof the list of GARs
attemptedwhile summarizingUpExPUSE for the proce-
dure, that the two array sectionsare combinedto obtain
Allow : high : 1].

4.3 Handling of Recursion

We usefixed point iterationto dealwith recursion.For
example,let UPEX PUSE; denotethe upwardexposeduse
computedat the end of analysispassi throughthe proce-
durep. During passi, UPEXPUSE;_l is usedto compute
the upward exposeduse summaryfor eachrecursve call
(UPEXPU SES isinitializedto @). Theiterative procedures
repeatedintil the solutionto UPEXPUSE,, corverges.

For the sakeof efficieng/, we boundthe numberof it-
erationsto two. If corvergenceis not reachedvy the end
of thesecondpass UPEXPUSE, is setto L, whichdenotes
an unknown value. We expecttwo passedo be sufficient
for the dataflow solutionto corverge for a typical divide-
and-conqueapplication.While therecursve invocationgo
theproceduresolve differentpartsof the problem eitherthe
partition stepwhich precededt or the combinestepwhich
followsit, or both,typically accesshe completedata.As a
result,thesummarydataaccessnformationfrom therecur
sive procedurecall sites,correspondindo the subproblems
beingsolved, do not contribute anything in additionto the
dataaccesslescriptorobtainedfor the overall procedureat
theendof thefirst analysigpass.

4.4 Check for Independencebetween Call Sites
and CodeMotion

Differentrecursve calls can be executedin parallelif
thereareno controlor datadependenceemongthem. Cur-
rently, we only considerrecursve calls in the samebasic
blockin the procedurewhich trivially impliesthatthereis
no control dependencbetweerthem. Considetwo recur
sive call sitesP; and P,, where P, appeardeforeP, in a
givenbasicblock. If therearemorethantwo recursve calls,
they canbehandledby atrivial extensionof theanalysisve
shallnow describe.

P, and P, canbe executedin parallelonly if thereis
no chainof datadependencegppossiblyvia otherstatements
in the basicblock, from P; to P,. Thisis testedby con-
tructinga datadependencgraphwith nodescorresponding
to statementsn that basicblock from P; to P,, andver
ifying that thereis no path along datadependencedges
from P, to P,. We checkfor, respectiely, true, anti, and
output dependencedrom statementS; to statementsSs,,
with the following tests: MAYDEFs, N UPEXPUSEg, #
0, UPEXPUSEs, N MAYDEFs, # 0, and MAYDEFs, N



MAYDEFg, # (. If parallelizationis preventedby only
anti and outputdependenceshosefalse dependencesan
be overcomeby introducing extra storageand renaming
variables.

Oncethe completeindependencef P, and P, is es-
tablishedfollowing the above procedureall statementbe-
tweenP; and P, arepartitionedinto three,possiblyempty
sets:(i) statementso whichthereis adirector indirectdata
dependenc&om Py, (ii) statementérom which thereis a
director indirectdatadependencéo P., and(iii) all other
statements.Thefirst setof statementsire moved after P,
in the samebasicblock, the secondset of statementsare
moved before P;, andstatementselongingto thethird set
may be moved eitherbefore P; or after P,. Within each
set,theorderingamongsstatementss preseredunderthis
codemotion. Thisresultsin all recursve callsbeingplaced
adjacentio eachother thusisolatingthe taskbeing paral-
lelizedfrom therestof the computation.

4.5 Symbolic Analysis

We now describesomeof our symbolic analysistech-
niguesthat enablethe detectionof parallelismto be done
moreeffectively. Essentiallywe requireanaccuratestima-
tion of therangeof valuestakenby anexpressiorappearing
in the descriptorrepresentindAy DEr or UPEXPUSE in-
formationfor anarray

Overview of Symbolic RangeComputation Framework
Our framevork hassomesimilaritiesto Blume andEigen-
manns demand-dren symbolicrange propagationalgo-
rithm [1], and Tu and Paduas work on gatedSSA-based
symbolicanalysis[26]. Unlike their work, we apply this
analysionly while wideningallist of GARs,for summariz-
ing it with respectto a programinterval. Using symbolic
analysisatthatstagealsohelpscompresshelist of GARs.
In our framawvork, the predicateexpressiorappearingn the
GAR candirectly beusedto refinetherangeof expressions
correspondingo dataaccesssothatwe do not have to fol-
low gated-SSAinks, asin [26], or follow dominatingcon-
trol flow edgesasin [1]. Theexpressionwhoserangeis to
be computedis first expandedoy substitutingeachvariable
having a uniquereachingdefinition with ther hs expres-
sionusedin its assignmentlt is thensubjectedo algebraic
simplification, which usesextensive constantfolding, ex-
ploits algebraigropertiedike commutatvity, associatiity,
and distributivity of the relevant operationsover integers,
andusesbooleanequalitiedike de Morgan’s laws for sim-
plifying predicateexpressions. The boundson the value
of ary variableappearindgn theresultingexpressiorareob-
tained, as explained below, by (i) substitutingthe known
boundsof thatvariablefrom the interval descriptorif it is
aninductionvariableor monotonicvariable,and(ii) taking

into accountthe predicatein the GAR. Theseboundsare,
in turn, usedto obtainsymbolicrangeinformationfor the
expressionsappearingn the GARs. We usethe notation
emin t0denoteheminimumvalueanexpressiore cantake,
andep, ., to denoteits maximumvalue. We notethatif no
boundsinformationis availablefor a variablez, its range
expressionsimply appearss [Zmin, max], Which is inter-
pretedfor anintenval L as[z, z] if z isinvariantwith respect
to L, and[—oo, +o00] if z is notinvariantwith respecto L*.

Monotonic Variables Our compiler recognizesmono-
tonicvariables whichareincremente@r decrementedon-
ditionally, but monotonically within a loop body[6]. We

extend the corventional definition of monotonicvariable
with respecto a programinterval [6] to includethe inter-

val in which it is initialized, if it is not usedprior to its

initialization, andif it satisfiesthe monotonicity property
after its initialization. For example,in Figurel, the vari-

ablelastsmallis regardedasmonotonicwith respecto the
outermosinterval in QuickSort which representshe over

all procedureOuralgorithmis otherwisesimilarto theone
proposeddy Gerleket al. [6], andis appliedasan exten-

sionto inductionvariablerecognition.For eachinterval, it

identifiesmonotonicvariablesandthe maximumincrement
or decremenbf their valuesin a singleiterationof thein-

tenval. Therefore,for countableloops suchasdo loops,
symboliclowerandupperboundscanbeestablisheadn the
value of a monotonicvariable. For loopswithout a fixed
count,suchasgeneralhi | e loops,asymboliclower (up-

per) boundcanbe obtainedfor a monotonicallyincreasing
(decreasingyariable. Our algorithm propagatesnforma-
tion aboutthe monotonicityof a variableto outerintervals
thathave no otherdefinitionof thatvariable,andalsoto the
interval which initializesit, provided that initial definition
dominatesall usesof thevariablein thatinterval.

Using Predicate in GAR to refine Symbolic Range of
a Variable The predicateis first subjectedo expression
simplificationandis transformednto a form thatusesonly
conjunctiveanddisjunctveoperation®vertermsrepresent-
ing relational expressionsof the form (ezpr; @ ezpr;),
where® € {<,<,=,>,>}. Givena variablez whose
rangeof valuesis to be computed,if a relationalexpres-
sioncanbe expresseds(z @ expr), a constrainingange
is obtainedfor z. For example,(z < ezpr) impliesarange
[Zmin, €ZPT may] fOT z (i.€., Tmax = ezpr,,). Similarly
(z > expr) implies a range[ezpr iy, Tmax) fOr z (i.€.,
Tmin = ezpr If the relationalexpressioncannotbe

min)'

1We looselyusetheterm+ oo to denotethehighestpossiblevalueof a
variableand —oo to denotethe lowestpossiblevalueof the variable.Our
implementatiorusesthe informationon datatype of a variableto usethe
appropriatenumberor flag. Forinstancefor anunsignedntegervariable,
—oo correspondso zero.



expressedn theform (z @ ezpr), therangefor z from that
expressiontrivially remains[zmin, Zmax]. Rangesare ob-
tainedfrom conjuctionanddisjunctionof relationalexpres-
sionsr; andr, usingthefollowing two rules:

range(r1 Vry) = range(r;) U range(rsy)

range(ry Ary) = range(r;) N range(rsy)

While applyingtheabove rules,ary unresohedtermof the
form zp;n IS treatedas—oo andof theform z .4 is treated
as+oo. ForexampleconsideGAR, G = (z < 100Az <
y, A[z+1]), beingexpandedvith respecto aloopin which
z isamonotonicallyincreasing/ariablewith aninitial value
of 0 (i.e., zmin = 0) andy is a monotonicallydecreasing
variablewith aninitial valueof 50 (i.e., ymax = 50). We
simplify the GAR by establishing rangefor z as:

[Zmin, 100] N [Zmin, Ymax] = [0, 100] N [0, 50] = [0, 50],
thusobtainingG = (z < 100 A z < y, A[1 : 51]).

4.6 Program Example

Let us revisit the programshowvn in Figure1 andillus-
trate somesalientaspectf our analysison that program.
The symbolicanalysisidentifiesthe variablelastsmallasa
monotonicallyincreasingvariablewith respecto thef or
loop, with amaximumincrementf +1 in eachiterationof
theloop. Theinterproceduraside-efectssummaryfor the
procedurecalls outsidethe loop shows thatlastsmallis not
modified at ary of thosecall sites. Hence,the symbolic
analysigs ableto propagatéheboundsnformationfor this
variableaslow : high for theentireprocedurenterval.

The array section analysis, in the first passthrough
the QuickSort procedure pbtainsboth MAY DEF and Up-
ExPUSE information for the array A as A[low : high],
by regarding the MAYDEF and UPEXPUSE information
at the recursve call sitesas @ initially and by exploit-
ing the boundsinformationfor lastsmall During the sec-
ond passthroughthe procedure this parameterizedrray
sectioninformationis translatedto A[low, lastsmall] and
Allastsmall + 1, high] respectrely atthetwo recursve call
sites. The union operationof eachof thesesectionswith
Allow : high] leadsto no change giventhe boundsinfor-
mationonlastsmall Hencethecorvergedsolutionfor both
MAY DEF andUPEXPUSE for theproceduravith respecto
thearray A is obtainedas A[low : high].

Thetwo recursve calls appearin the samebasicblock,
asrequiredby our parallelizationanalysis. Thereis no in-
terveningstatemenbetweerthem. A datadependencbe-
tweenthe two call sitesis ruled out by the testsdescribed
in Sectiord.4,astheintersectiorof A[low, lastsmall] with
Allastsmall + 1, high] is identifiedasnull. Hence werec-
ognizethe two recursve calls to QuidkSortas forming a
paralleltask.

5 Run-Time Support

Ourrun-timelibrary supportfor parallelexecutionof re-
cursive proceduress an extendedversionof that usedfor
supportingdynamicschedulingdf loops[15]. Thecompiler
usesthe outlining transformatiorto corvert the given par
allel loop or taskinto a subroutinefo be schedulecamong
threadausinga singlesharedvork-queue. A singlemaster
thread which alsoexecuteshe serialpartsof the program,
createsslave threadghatwill participatein parallelexecu-
tion, at the bgginning of the program.Eachwork item put
on the queuerepresentshe multiple recursve invocations
madein the sameprocedurewhich areto be executedin
parallel. A singlerecursve call, referredto asa chunkof
work item, is the unit of work allocatedto a giventhread.
While theinitial parallelwork itemis placedon the queue
by the masterthread, slave threadscan subsequentlen-
gueuework itemsaswell, sincewe supportnestedparal-
lelism.

Eachthreadwhich enqueues parallel work item also
participatesin its execution. In fact, after completingits
chunkif thereis noavailablework within thatitem, it looks
for work on otheritemsthat may have beenenqueuedy
other threads. Whenthereis no more work available, it
waits for the work item that it enqueuedon which other
threadsmay be working) to be completed.Oncethatitem,
correspondingp all recursve callsmaden theoriginalpro-
cedureassignedo it, is completedijt resumegxecutionof
theremainingcodein theproceduraftertherecursve calls.
This stratgy allows all threadgo participatein the execu-
tion of paralleltaskscreatedat deeperevels of recursion
beforebeingblockedat higherlevels, waiting for children
recursve callsto beover.

Asthecomputatiorproceedstheparallelwork itemsen-
gueuecat deepelevels of recursionincreasinglyrepresent
smallergrainsof computation. Hence,we needa mech-
anismto control the creationof parallelwork items. We
usea heuristicapproachwhich boundsthe numberof par
allel units of work to a constanimultiple of the numberof
processor&xecutingthe program. The value of this con-
stant, that we refer to asthe parallel load factor, canbe
tunedbasedn the needfor load balancing.If this param-
eter is setto one, the numberof parallel taskswould be
equalto thenumberof processorsAlthoughthetotal over
headof theenqueuandthedequeu@perationon thetask
gueuewould beminimizedin this casejt would leave little
room for load-balancingdf differenttasksrequiredifferent
amountof time. By increasinghetotal numberof parallel
tasksto a highervalue,we canobtainbetterloadbalanceat
theexpenseof increasedchedulingoverhead.

The actualmechanisnusedin the run-timesystemis to
keeptrack of the depthof recursionandlimit the depthbe-
yondwhichfurtherrecursve callsareexecutedserially Let



QuickSort(A,l,h) {
if I<h
q = Partition(A,l, h)
QuickSort(A,l, q)
QuickSort(A, ¢+ 1,h)

end if
}
Partition(A,1, h) {
z=A[l]; i=1-1;, j=h+1
while TRUE do
repeat j =35 —1
until A[j] <=z
repeat: =:+1
until Afi] >z
if 1<y
Swap(Ali], Alj])
else
return j
end if
enddo
}

Figure 2. An alternate form of pseudocode for
guicksort

k be the fixed numberof recursve calls to the procedure
which aremutuallyindependentlf d is the numberof lev-
elsof recursioruntil which parallelwork itemsarecreated,
thetotal numberof parallelchunksof work createds k<. If
P isthenumberof processorandtheparallelloadfactoris
¢, thend is obtainedas(log; (c * P)]. Therun-timeparallel
task setuproutine, which is called from the outlined pro-
cedurethat representshe paralleltask, keepstrack of the
depthof recursionandeitherenqueuea newx work itemon
thequeueor executeghe original calls serially.

6 SpeculativeParallelization

It may not alwaysbe possiblefor the compilerto es-
tablish the absenceof data dependencédetweendiffer-
ent recursve calls. Considera slightly differentform of
Qui ckSort program[4], shovnin Figure2. For arrayac-
cessesn thewhi | e loop of procedureParti ti on, the
compileris ableto establishthe boundson j as[jmin, A],
andon: asll, imax|. Thewrite accesse® A[:i] andA[j] are
guardedby the conditional: < 3, which whencombined
with theboundsnformationfor 7 andy, canallow thecom-
piler to obtainthe M Ay DEF sectionof A asA[l : h]. How-
ever, the compileris not ableto obtaintight boundson the
sectionof A with readaccesssothatUPEXPUSE for A is

obtainedas A[—oco : co]. Thereforethetwo recursve calls
to Qui ckSort appearto have datadependencéetween
them.

In orderto dealwith the problemof imprecisearraysec-
tion analysispreventingparallelizationwe proposea novel
framawork for run-timeparallelization.Basedon symbolic
analysis,the compiler speculatrely executesthe multiple
recursve callsin parallel and performsefficient run-time
teststo verify thelegality of parallelization Our framework
is inspiredby thatproposedy Rauchweger[23] for paral-
lelizing do loops,but incorporatesnary improvements.

Givenmultiple recursve callsof aproceduréeingspec-
ulatively parallelized the calls otherthanthefirst recursve
call areregardedas speculatte. Thesecalls are madeto
a modified version of the procedure,in which all write-
ablevariablesareallocatedrom the privatememoryof the
thread.Beforebeginningparallelexecution the upwardex-
poseduse sectionsof thosevariablesare copiedin from
sharedmemory After completion,if the run-timetest,de-
scribedbelow, indicatessuccessfuparallelization]ive data
from eachof thoseproceduress copiedbackinto shared
memoryin the sequentiabrderof their calls,thuscommit-
ting the resultsof the parallelcomputation.If therun-time
testshows a datadependencéetweenthe recursve calls,
thendatafrom the speculatre calls is discardedandthey
arere-executedsequentially Thisapproactsignificantlyre-
ducesthe penaltyof mis-speculatiorif the procedurecalls
turn out to have dependencesincethe computationfrom
the first recursve call (which is executedin parallelwith
otherrecursve calls) is notthrown away, unlike theframe-
work proposedn [23], wherethe entireloop computation
is discardedf theloopis foundto be serial.

The compilerdecidesto usespeculatie parallelization
only whenit fails to obtain symbolic bound(s)for MAY-
DEeF or UPEXPUSE sectionof oneor morearrays,andthe
consenrative settingof thatboundto —co or +oco leadsto
an apparentdatadependencérom onerecursve call site
to another For eachsucharray an additionalboundsar-
ray is created,which recordsthe lowest and the highest
subscriptpositions,in eachdimension,for readandwrite
accessedn the procedure,f the conserative valuesob-
tainedfor thoseboundsat compile-timeare —co or +co.
By takingadwantageof theinformationaboutmonotonicity
of subscriptexpressionsn aloop, basedn therecognition
of inductionandmonotonicvariablesjt maybepossibleto
hoist muchof the computationto updatethe boundsarray
outsidetheloop. Previously proposedun-timeparalleliza-
tion schemessuchas[23, 9], useshadav arraysto record
read and write accessto eacharray element. Although
thoseschemegandetectparallelismin morecasedor ar
bitrary dataaccesgatternsthey incur greateroverheadof
checkcomputationwhich seemaunnecessarfor applica-
tions wherepotentially parallelcomputationpartitionsop-



Program Serial Time(sec)
iIM [ 2M | 5M | 10M
MergeSort 12.39| 26.13| 70.23| 147.11
QuickSortlDataSetl | 8.51 | 21.53 | 85.09 | 268.43
QuickSortlDataSet2 | 8.58 | 21.40| 84.09 | 267.50
QuickSort2 6.78 | 14.66| 37.90| N/A

Table 1. Serial execution times of programs

erateon contiguougiata.PatelandRauchwegerhave inde-
pendentlyproposed similarschemeusingshadaev interval
structuresfor loops[21].

Finally, at the end of speculatre executionof the pro-
cedurecalls, a run-time testis performedto checkif the
parallelizationwasvalid. This testverifiesthe absenceof
true datadependenceetweenrecursye calls by checking
that MAY DEF for the earlierrecursve call hasno overlap
with UPExPUSE for the later call, usinginformationfrom
the boundsarray(s). Unlike the generalLRPD test pro-
posedn [23], in whichantiandoutputdependencearealso
checkedpur run-timetestcansafelyignore suchstorage-
relateddependenceshe very mechanisnof usingprivate
storagefor eachvariablebeingwritten in the procedurgto
supportrollback of speculatre computation)allows these
storage-relatedependence® be broken[9].

7 Experimental Results

We now presenexperimentatesultsobtainecdbnaniBM
G30sharednmemorymachinewith four PaverPC604 pro-
cessorsWe have implementedhe compileranalysis,code
generationandtherun-timesystemdescribedn this paper
to supporinestedparallelizationof recursve proceduresin
the future, we also plan to implementour framewvork for
speculatre parallelization.

We selectedhreeprogramswritten in C, which could
not be parallelizedby ary othercompileratthetime of our
experiments.Thefirst programis Mer gesor t , which ap-
pliesthe standardnegesortalgorithm[4] onanarray The
remainingprograms which we referto asQui ckSort 1
and Qui ckSort 2, are basedon the two versions of
Qui ckSort, shavn in Figures1 and 2. Mer gesort
andQui ckSort 1 were parallelizedautomaticallyby our
compiler For Qui ckSort 2, wherecompile-timeanaly-
sisalonecannotpossiblysucceedywe manuallyappliedthe
techniquedor speculatre parallelization.In eachcase we
initialized the arrayto be sortedusingpseudo-randordata.

Figure3 shavsthespeedupsbtainedontheseprograms
for differentarraysizes,rangingfrom 1M (onemillion) to
10M elements.Table1 shows the serialexecutiontime for
eachcase.We obsenred significantvariationin the perfor
manceof the parallelversionof Qui ckSort 1 for differ-

entdatasets(dueto differentwork partitionsgeneratedor
differentdatasets),eventhougheachdatasetwaspseudo-
randomlygeneratedHencewe have shavn its performance
for two separatelatasets.

The speedupsxhibited by Mer geSor t arequite con-
sistentacrosdifferentdatasets,andvary between?2.8 and
3.0 on four processorsin Qui ckSort 1, thedistribution
of load betweendifferentparalleltasksis highly datade-
pendentandhenceit showvs morevariationacrosdifferent
datasetsand datasizes. The speedupsangefrom 2.2 to
3.0 on four processors.We obsened lower speedupdor
Qui ckSort 2. This can be attributed mainly to the ex-
tra overheadof copy-in and copy-outneededfor the pri-
vatizeddatato supportspeculatie execution. A different
problemwith a higherratio of computationto datamove-
ment could benefitmore from our speculatie paralleliza-
tion techniques.

Figure 4 shaws the effect of parallelload factor (PLF)
on the performanceof programsfor a fixed datasize of
2M elementsin Mer geSor t , the partitioningof load be-
tweenthe parallel chunksof work is quite even. Hence,
whenusingtwo or four processorgary numberwhich is
a power of two), the performanceis betterat lower PLF
valuesdueto the lower schedulingoverhead. With three
processorghereis agreatemeedfor loadbalancingasthe
paralleltasksdo not fold evenly on to the availableproces-
sors. Hence,a higherPLF leadsto improved performance
in that case. Similarly, the performanceof Qui ckSort 1
improvesasPLF is increasedrom 1 to 8. On every pro-
gram, raising PLF from 8 to 16 hurts performanceasthe
additionalschedulingpverheadchasabiggerimpactthanim-
provedload balancewhich shawvs diminishingreturns.On
Qui ckSort 2, a higher PLF leadsto larger memoryre-
guirementandcopy-inandcopy-outoverheadsHencethe
performancen oneprocessoshavs a cleardegradationas
PLFis increasedThis effectis alsoseenasthe numberof
processorss raisedto two. However, asthe numberof pro-
cessorss increasedurther, a higherPLF upto 8 improves
performanceasthe needfor load-balancingncreases.

Finally, we notethatour resultscouldonly be presented
for asharedmemorymachinewith four processorshatwe
hadaccesgo. Giventhatour methodsdetectfairly coarse-
grain parallelism,we expect significantly betterspeedups
on parallelmachineswvith largernumberof processors.

8 Conclusions

Even the most advancedparallelizing compilerstoday
arenot ableto detectthe availablecoarse-grairparallelism
in a large numberof programs.In this paper we have pre-
sentedur efforts towardsextendingthe scopeof automatic
parallelizationto procedureswith multiple recursve calls
that operateon distinct data. Hence,our approachs par
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Figure 3. Performance results for different data sizes on IBM G30

ticularly well-suitedto parallelizingcomputationghat use
divide-and-conquealgorithms. We have presenteda so-
phisticatedyet practical,compile-timeframeavork to detect
andexploit thisform of parallelism.We have alsoproposed
novel run-time techniquego allow parallelizationof pro-
gramsfor which compile-timeanalysisaloneis not suffi-
cient. In the future, we planto extend our techniquego
parallelizecomputationeemployinga recursvely blocked
arraylayoutandto parallelizecomputationsvith apparent
control dependencelsetweernprocedurespossiblyusinga
combinationof compile-timeanalysisand run-time paral-
lelization.

Acknowledgements

We wish to thank the membersof the IBM Toronto
PortableOptimizerteamfor their contributionsto the com-
piler infrastructureusedin this work. We would alsolike to
thanktherefereedor theirvaluablecomments.

References

[1] W. Blume and R. Eigenmann. Demand-dren, symbolic
rangepropagationin Proc.8thWorkshopon Languagesind
Compilersfor Parallel Computing Columhus, OH, August
1995.

[2] R.Blumofe,C. Joeg, B. Kuszmaul,C. LeisersonK. Ran-
dall, andY. Zhou. Cilk: An efficient multithreadeduntime
system.In Proc. ACM SIGPLANSymposiunon Principles

(3]

[4]

(6]

[7]

(8]

9]

and Practicesof Parallel Programming SantaBarbaraCA,
July 1995.

J.-D.Choi, M. Burke,andP. Carini. Efficient flow-sensitve
interproceduratomputationof pointerinducedaliasesand
sideeffects. In 20th Annual ACM SIGACT-SIGPLANSym-
posiumonthe Principlesof ProgrammingLanguags, pages
232-245Januaryl993.

T.H.CormenC.E. LeisersonandR. L. Rivest.Introduction
to Algorithms TheMIT Press;1989.

E. Elmroth and F. Gustarson. New serial and parallel re-
cursive QR factorizationalgorithmsfor SMP systems. In
Proc. PARA98 Workshopon AppliedParallel Computingn
LargeScaleScientificandIndustrial ProblemsUmea,Swe-
den,Junel998.

M. Gerlek,E. Stoltz,andM. Wolfe. Beyondinductionvari-
ables:Detectingandclassifyingsequenceasinga demand-
driven SSAform. ACM Transaction®n ProgrammingLan-
guagesand Systemsl 7(1):85-122Januaryl 995.

M. GirkarandC. PolychronopoulosAutomaticextractionof
functionalparallelismfrom ordinaryprograms|EEE Trans-
actionson Parallel and Distributed Systems3(2), March
1992.

J.Gu, Z. Li, andG. Lee. Symbolicarraydataflav analysis
for arrayprivatizationand programparallelization.In Proc.
Supecompting’95, SanDiego, CA, Decembef995.

M. GuptaandR. Nim. Techniquedor speculatie run-time
parallelizationof loops. In Proc. SC’98, Orlando,Florida,
November1998.



[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

MargaSort
ER3
8 o1
i a:
4
Kz Osa
(=R
1
” ]
a
1 2 3 4
Mumber of Froc=mars
QuickSort - Data Set 2
]
25
2 [mR}
g 3
1.5 P
# Oe
1 [ R 1]
a

1 2 3 4
Mumber o1 Proce==as

Speadup
=

QuickSart - Data Sat 1

Mumber ol Froc==as

Spec. Parallel QuickSort

Mumber ol Proce==as

Figure 4. Performance results for different parallel load factors

M. Gupta,E. Schonbeg, andH. Srinivasan A unifiedframe-
work for optimizing communicationin data-parallelpro-
grams. IEEE Transactionn Parallel and Distributed Sys-
tems 7(7),July 1996.

F. Gustarson.Recursiorleadsto automatiovariableblocking
for densdinearalgebrasystems.IBM Journal of Reseach
andDevelopment41(6):737—755Novemberl997.

M.W. Hall, S.P AmarasingheB.R. Murphy, S.-W Liao, and
M.S.Lam. Detectingcoarse-graimparallelismusinganinter
proceduraparallelizingcompiler In Proc. Supecomputing
'95, SanDiego, CA, Decembefl995.

P. Havlak and K. Kennedy An implementationof inter

proceduraboundedregular sectionanalysis. IEEE Trans-
actionson Parallel and Distributed Systems2(3):350-360,
July1991.

L. HendrenandA. Nicolau. Parallelizingprogramswith re-
cursie datastructures.|EEE Transactionsn Parallel and
DistributedSystemgl (1):35—47,Januaryl1990.

S.HummelandE. Schonbeg. Low-overheadschedulingof
nestedparallelism. IBM Journal of Reseach and Develop-
ment 1991.

W. L. Harrisonlll. The interprocedurahnalysisandauto-
matic parallelizationof Schemeprograms. Lisp and Sym-
bolic Computation:An InternationalJournal, 2(3),1989.

R. HalsteadJr. Multilisp: A languagefor concurrentsym-
bolic computationACM Transaction®n Programming.an-
guagesand Systems7(4),1985.

R.L. Kruse.Data Structuesand ProgramDesign Prentice
Hall, 1989.

[19]

[20]

[21]

[22]

(23]

[24]

[25]

[26]

J. R. Larusand P. N. Hilfinger. RestructuringLisp pro-
gramsfor concurrentexecution. In Proc. ACM SIGPLAN
PPEALS- Parallel Programming:Experiencevith Applica-
tions,Languagesnd Systemgagesl00-110July 1988.

S.MoonandM. Hall. Evaluationof predicatedarraydata-
flow analysisfor automaticparallelization. In Proc. ACM
SIGPLANSymposiunon Principlesand Practicesof Paral-
lel Programming Atlanta, GA, May 1999.

D. PatelandL. Rauchweger Principlesof speculatie run-
time parallelization.In Proc. 11thWbrkshopon Languages
andCompilersfor Parallel Computing August1998.

S. RamaswamyS. Sapatnekarand P. Banerjee. A frame-
work for exploiting dataand functional parallelismon dis-
tributed memory multicomputers. IEEE Transactionson
Parallel and DistributedSystems3(11), Novemberl1997.

L. Rauchweger Run-time parallelization: It's time has
come.Journal of Parallel Computing 24(3-4),1998.

M. Rinardand P. Diniz. Commutatity analysis: A new
analysisframework for parallelizing compilers. In Proc.
ACM SIGPLANConfeenceon ProgrammingLanguageDe-
signandIimplementationPhiladelphiaPA, May 1996.

R. Ruginaand M. Rinard. Automaticparallelizationof di-
vide andconqueralgorithms.In Proc. ACM SIGPLANSym-
posiumon Principles and Practicesof Parallel Program-
ming, Atlanta, GA, May 1999.

P. Tu andD. Padua. GatedSSA-basediemand-drien sym-
bolic analysisfor parallelizingcompilers. In Proc. 1995
International Confelence on Supecompuing, Barcelona,
Spain,July 1995.



