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Abstract

Currentparallelizingcompilerscannotidentifyasigni®cantfrac-
tion of parallelizableloopsbecausethey havecomplex or statically
insuf®cientlyde®nedaccesspatterns.As parallelizableloopsarise
frequently in practice,we advocatea novel framework for their
identi®cation:speculatively executetheloop asa doall , andap-
ply a fully paralleldatadependencetestto determineif it hadany
cross±iterationdependences; if the test fails, then the loop is re±
executedserially. Since,from our experience,asigni®cantamount
of theavailableparallelismin Fortranprogramscanbeexploitedby
loopstransformedthroughprivatizationandreductionparalleliza-
tion, ourmethodscanspeculativelyapplythesetransformationsand
thenchecktheir validity at run±time.Anotherimportantcontribu-
tion of thispaperis anovel methodfor reductionrecognitionwhich
goesbeyondsyntacticpatternmatching:it detectsatrun±timeif the
valuesstoredin anarrayparticipatein a reductionoperation,even
if they aretransferredthroughprivatevariablesand/orareaffected
by staticallyunpredictablecontrol ¯o w. We presentexperimental
resultson loopsfrom thePERFECTBenchmarkswhichsubstanti-
ateour claim that thesetechniquescanyield signi®cantspeedups
which areoftensuperiorto thoseobtainableby inspector/executor
methods.

1 Intr oduction

To achieveahigh level of performancefor aparticularprogram
on today's supercomputers,softwaredevelopersare often forced
to tediously hand±codeoptimizationstailored to a speci®cma-
chine. Suchhand±codingis dif®cult, increasesthe possibility of
error over sequentialprogramming,and the resultingcode may
not be portableto othermachines.Restructuring,or parallelizing,
compilersaddresstheseproblemsby detectingandexploiting par-
allelismin sequentialprogramswritten in conventionallanguages.
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Althoughcompiler techniquesfor the automaticdetectionof par-
allelism have beenstudiedextensively over the last two decades
(see,e.g.,[25, 36]), currentparallelizingcompilerscannotextracta
signi®cantfractionof theavailableparallelismin a loop if it hasa
complex and/orstaticallyinsuf®cientlyde®nedaccesspattern.One
majorreasonfor thisinability tostaticallyparallelizesomeprograms
is that themosteffective transformations,privatizationandreduc-
tion recognition, cannotbeappliedto a large classof applications
that have irregular domainsand/ordynamicallychanginginterac-
tions. Typical examplesarecomplex simulationssuchasSPICE
for circuit simulation,DYNA±3D andPRONTO±3Dfor structural
mechanicsmodeling,GAUSSIAN and DMOL for quantumme-
chanicalsimulationof molecules,CHARMM andDISCOVER for
moleculardynamicssimulationof organicsystems,andFIDAP for
modelingcomplex ¯uid ¯o ws [11].

Thus, in order to realizethe full potentialof parallelcomput-
ing it hasbecomeclearthatstatic(compile±time)analysismustbe
complementedby new methodscapableof automaticallyextracting
parallelismat run±time[9, 11, 14]. Run±timetechniquescansuc-
ceedwherestaticcompilationfails becausethey haveaccessto the
inputdata.For example,inputdependentor dynamicdatadistribu-
tion, memoryaccessesguardedby run±timedependentconditions,
and subscriptexpressionscan all be analyzedunambiguouslyat
run±time. In contrast,at compile±timetheaccesspatternof some
programscannotbedetermined,sometimesdueto limitationsin the
currentanalysisalgorithmsbut often becausethe necessaryinfor-
mationis just not available,i.e., theaccesspatternis a functionof
theinput data.For example,mostdependenceanalysisalgorithms
canonly dealwith subscriptexpressionsthatarelinear in the loop
indices. In the presenceof non±linearexpressions,a dependence
is usuallyassumed.Also, generallycompilersconservatively as-
sumedatadependencesin the presenceof subscriptedsubscripts.
Althoughmorepowerfulanalysistechniquescouldremove thislast
limitationwhentheindex arraysarecomputedusingonlystatically±
knownvalues,nothingcanbedoneatcompile±timewhentheindex
arraysarea functionof theinputdata[20, 30, 38].

Mostpreviousapproachesto run±timeparallelizationhavecon-
centratedondevelopingmethodsfor constructingexecutionsched-
ules for partially parallel loops, i.e., loops whoseparallelization
requiressynchronizationtoensurethattheiterationsareexecutedin
thecorrectorder. � Thesemethodsarecenteredaroundtheextraction
of aninspectorloopthatanalyzesthedataaccesspatternªoff±line,º
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Theonly exceptionof which weareawareis our inspectormethodfor
doall parallelization[26]. Run±timeanalysistechniqueshave alsobeen
usedto detectaccessanomaliesor raceconditionsin parallelprograms(see,
e.g.,[13, 24, 31]). However, thesemethodsaregenerallynotappropriatefor
run±timeloop parallelizationsincethey areoptimizedfor otherpurposes,
e.g., for them minimizing memory requirementsis more important than
speed.



i.e.,withoutsideeffects[8, 20,23, 26, 28,29, 30,37, 38,12]. The
inspectionphaseof theseschemesusuallyyieldsapartitioningof the
setof iterationsinto subsetsthatcanbeexecutedin parallel.These
subsets,sometimescalledwavefronts,arescheduledsequentiallyby
placingsynchronizationbarriersbetweenthem.

Unfortunatelythe distribution of the original loop into an in-
spectorandexecutorloop is oftennotadvantageous:if theaddress
computationof thearrayundertestdependsontheactualdatacom-
putation,asexempli®edby Fig. 1(a), thenthe inspectorbecomes
bothcomputationallyexpensive andhasside±effects. This means
that sharedarrayswould be modi®edduring the executionof the
inspectorloop and saving the stateof thesevariableswould be
required±makingtheinspectorequivalentto theloop itself. In ad-
dition, thedesirablegoalof exploiting coarse±grainparallelization,
i.e., at the level of large complex loops,makesit even lesslikely
thatanappropriateªinspectorºloopcanbeextracted.

1.1 Speculativedoall parallelization

In thispaperweproposeanovel framework for parallelizingdo
loopsat run±time. The proposedframework differs conceptually
from previousmethodsin two majorpoints.

� Insteadof ®ndinga valid parallel executionschedulefor the
loop,we focuson theproblemof simplydecidingif theloop is
fully parallel,that is, determiningwhetheror not the loop has
cross±iterationdependences. (This approachwasalsotakenin
[26].)

� Insteadof distributingtheloopintoinspectorandexecutorloops,
we speculativelyexecutetheloop asa doall , i.e.,executeall
its iterationsconcurrently, andapply a run±timetest to check
if therewereany cross±iterationdependences. If the run±time
testfails, thenwewill payapenaltyin thatweneedtobacktrack
andre±executetheloopserially.

Compilersoften transformprogramsto optimizeperformance.
The two mosteffective transformationsfor increasingtheamount
of parallelismin a loop (i.e., removing certaintypesof datade-
pendences)are array privatizationand reductionparallelization.
KrothapalliandSadayappan[15] proposedaninspectormethodfor
run±timeprivatizationwhich reliesheavily on synchronization,in-
sertsan additionallevel of indirection into all memoryaccesses,
andcalls for dynamicsharedmemoryallocation. In our previous
work [26] we gave an inspectormethodwithout thesedrawbacks
for determiningwhethera do loop canbe executedasa doall ,
perhapsbyprivatizingsomesharedvariables.Nopreviousrun±time
methodshavebeenproposedfor parallelizingreductionoperations.

In this paperwe presentseveralnew ideas: First, we advocate
theuseof run±timeteststo validatetheexecutionof a loop that is
speculativelyexecutedin parallel.Theadvantageof thisapproachis
thatthecomputationof theloopis performedconcurrentlywith the
tests,i.e., thememoryaccesspatterndoesnot needto beextracted
andanalyzedseparatelyasin inspector/executormethods.
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In Sec-
tion 5 wepresentexperimentalresultsonloopsfrom thePERFECT
Benchmarkswhich substantiateour claim that speculative tech-
niquescanyield signi®cantspeedupswhich areoften superiorto
thoseobtainableby inspector/executormethods.Second,in addi-
tion to arrayprivatization,thenew techniquesarecapableof testing
at run±timethe validity of the powerful reductionparallelization
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If desired,all of our run±timetestscanbeappliedin inspector/executor
mode.

transformation.In particular, for anarrayelement(or section),our
run±timemethodsareableto detectwhetherit participatedexclu-
sively in a reductionoperation,or if all its accesseswere either
read±onlyor privatizable.If all thememoryreferencesin ado loop
fall underany of thesecategoriesthenthe speculative concurrent
executionof the loop was valid, i.e., the loop was indeedparal-
lel. The new algorithmsconsideronly datadependencescaused
by actualcross±iterationdata±¯ow (a ¯o w of values). Thus,they
maypotentiallyqualify moreloopsasparallelthanthemethodin
[26] whichconservativelyconsideredthedependencesdueto every
memoryreference± even if no cross±iterationdata±¯ow occurred
at run±time. This situationcould arisefor examplewhen a loop
readsasharedvariable,but thenonly usesit conditionally.

Anotherimportantcontribution of this paperis a novel method
for reductionrecognition: in contrastto thestaticpatternmatching
techniquesemployedby compilersuntil now, our methoddetects
if thevaluesstoredin anarrayparticipatein a reductionoperation,
even if they are transferredthroughprivate variablesand/orare
affectedby staticallyunpredictablecontrol¯o w.

Ourmethodsfor speculativelyexecutingdo loopsin parallelare
describedin Sections3 and4. In Section5, we presentsomeex-
perimentalmeasurementsof loopsfromthePERFECTBenchmarks
executedontheAlliant FX/80and2800.Thesemeasurementsshow
that thetechniquespresentedin this paperareeffective in produc-
ing scalablespeedupseven thoughthe run±timeanalysisis done
without thehelpof any specialhardwaredevices.It is conceivable,
andwe believe desirable,that futuremachineswould includespe-
cialhardwaredevicesto acceleratetherun±timeanalysisandin this
waywidentherangeof applicabilityof thetechniquesandincrease
potentialspeedups.

2 Preliminaries

A loop canbeexecutedin fully parallelform, withoutsynchro-
nization, if and only if the desiredoutcomeof the loop doesnot
dependin any wayupontheexecutionorderingof thedataaccesses
fromdifferentiterations.In ordertodeterminewhetherornottheex-
ecutionorderof thedataaccessesaffectsthesemanticsof theloop,
the datadependence relationsbetweenthe statementsin the loop
bodymustbeanalyzed[6, 18, 25, 36, 39]. Therearethreepossible
typesof dependencesbetweentwo statementsthataccessthesame
memorylocation:¯ow (readafterwrite),anti (writeafterread),and
output(writeafterwrite). Flow dependencesexpressafundamental
relationshipaboutthedata¯o w in theprogram.Anti andoutputde-
pendences,alsoknownasmemory±relateddependences,arecaused
by thereuseof memory, e.g.,programvariables.

If thereare¯o w dependencesbetweenaccessesin differentiter-
ationsof aloop,thenthesemanticsof theloopcannotbeguaranteed
if theloop is executedin fully parallelform. For example,theiter-
ationsof theloop in Fig. 1(a)mustbeexecutedin orderof iteration
numberbecauseiteration

�����

needsthe value that is produced
in iteration

�

, for
�����
	��

. In principle, if thereareno ¯o w
dependencesbetweentheiterationsof a loop,thentheloopmaybe
executedin fully parallelform. Thesimplestsituationoccurswhen
thereareno anti, output,or ¯o w dependences. In this case,all the
iterationsof the loop are independentandthe loop, as is, canbe
executedasa doall (i.e., a fully parallelexecution). If thereare
no¯o w dependences,but thereareantior outputdependences,then
theloopmustbemodi®edto removeall thesedependencesbeforeit
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A(K(i)) = A(K(i)) + A(K(i-1))

   .................

(a)

do

 (A(K(i)) .eq. .true.)  

 i=1, n

thenif 

endif
enddo

tmp = A(2*i)S1:
A(2*i) = A(2*i-1)
A(2*i-1) = tmp

 i = 1, n/2

:
enddo

 S2

(b)

do 

(c)

enddo
enddo

          A(j) = A(j) + exp()
 j = 1, m

S1:
do 

do  i=1, n

Figure1:

canbeexecutedin parallel. Not all suchsituationscanbehandled
ef®ciently. In order to remove certaintypesof dependences and
executethe loop as a doall , two importantandeffective trans-
formationscanbe appliedto the loop: privatizationandreduction
parallelization.

Privatizationcreates,for eachprocessorcooperatingontheexe-
cutionof theloop,privatecopiesof theprogramvariablesthatgive
rise to anti or outputdependences(see,e.g.,[10, 21, 22, 32, 33]).
The loop shown in Fig. 1(b), is an exampleof a loop that canbe
executedin parallel by using privatization; the anti dependences
betweenstatementS2 of iteration

�

andstatementS1 of iteration
� � �

, for
� � � 	 �

���

, canberemovedby privatizingthetempo-
rary variabletmp. In this paper, the following criterion is usedto
determinewhetheravariablemaybeprivatized.

Privatization Criterion: Let � beasharedarray(or arraysection)
that is referencedin a loop � . � canbe privatizedif andonly if
every readaccessto anelementof � is precededby awrite access
to thatsameelementof � within thesameiterationof � .

In general,dependencesthataregeneratedby accessesto variables
thatareonlyusedasworkspace(e.g.,temporaryvariables)withinan
iterationcanbeeliminatedby privatizingtheworkspace.However,
accordingto the above criterion, if a sharedvariableis initialized
by readinga value that is computedoutsidethe loop, then that
variablecannotbeprivatized.Suchvariablescouldbeprivatizedif
a copy±inmechanismfor the externalvalueis provided. The last
valueassignmentproblemis theconceptualanalogof thecopy±in
problem.If a privatizedvariableis live after theterminationof the
loop, thenthe privatizationtechniquemustensurethat the correct
valueis copiedout to the original (non privatized)versionof that
variable. It shouldbe notedthat the needfor valuesto be copied
into or outof privatevariablesoccursinfrequentlyin practice.

Reductionparallelization is anotherimportant techniquefor
transformingcertaintypesof datadependentloopsfor concurrent
execution.

De®nition: A reductionvariableisavariablewhosevalueisusedin
oneassociativeandcommutativeoperationof theform ���	��

����� ,
where
 is theassociativeandcommutativeoperatorand � doesnot
occurin ����� or anywhereelsein theloop.

Reductionvariablesarethereforeaccessedin acertainspeci®cpat-
tern(whichleadsto acharacteristicdatadependencegraph).A sim-
ple but typical exampleof a reductionis statementS1 in Fig. 1(c).
Theoperator
 is exempli®edby the
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operator, theaccesspattern
of array ������� is read,modify, write, andthefunctionperformedby
the loop is to adda valuecomputedin eachiterationto the value
storedin ����� � . Thistypeof reductionissometimescalledanupdate
andoccursquitefrequentlyin programs.

Therearetwo tasksrequiredfor reductionparallelization:rec-
ognizing the reductionvariable, and parallelizing the reduction
operation. (In contrast,privatizationneedsonly to recognizepri-
vatizablevariablesby performingdatadependenceanalysis,i.e., it

is contingentonly on theaccesspatternandnoton theoperations.)
Parallel methodsare known for performingreductionoperations.
Onetypical methodis to transformthedo loop into a doall and
enclosetheaccessto thereductionvariablein anunorderedcritical
section[14,39]. Drawbacksof thismethodarethatit isnotscalable
andrequiressynchronizationswhichcanbeveryexpensivein large
multiprocessorsystems. A scalablemethodcan be obtainedby
notingthatareductionoperationis anassociativeandcommutative
recurrenceandcanthusbe parallelizedusinga recursive doubling
algorithm[16, 17, 19]. In this casethe reductionvariableis priva-
tizedin thetransformeddoall , andthe®nalresultof thereduction
operationis computedin aninterprocessorreductionphasefollow-
ing the doall , i.e., a scalaris producedusingthe partial results
computedin eachprocessorasoperandsfor a reductionoperation
(with thesameoperator)acrosstheprocessors.Thus,thedif®culty
encounteredby compilersin parallelizing loops with reductions
arisesnot from ®ndinga parallelalgorithmbut from recognizing
the reductionstatements.So far this problemhasbeenhandledat
compile±timeby syntacticallypatternmatchingtheloopstatements
with a templateof a genericreduction,andthenperforminga data
dependenceanalysisof thevariableunderscrutiny to guaranteethat
it is not usedanywhereelse in the loop except in the reduction
statement[39].

3 SpeculativeParallel Executionof do Loops

Considera do loop for which the compiler cannotstatically
determinetheaccesspatternof a sharedarray � that is referenced
in theloop. Insteadof generatingpessimistic,sequentialcodewhen
it cannotunequivocally decidewhetherthe loop is parallel, the
compilercoulddecidetospeculativelyexecutetheloopasadoall ,
andproducecodeto determineat run±timewhetherthe loop was
in fact fully parallel. In addition,if it is suspectedthat somedata
dependencescould be removed by privatizationand/orreduction
parallelizationthe compilermay further speculatively apply these
transformationsin orderto increasethechancesthattheloopcanbe
executedasadoall . If thesubsequentrun±timetest®ndsthatthe
loopwasnot fully parallel,thenit will bere±executedsequentially.
In orderto speculativelyparallelizeado loopasoutlinedabovewe
needthefollowing:

� A mechanismof saving/restoringstate: to save the original
valuesof theprogramvariablesfor thepossiblesequentialre-
executionof theloop.

� An error (hazard)detectionmethod: to testthevalidity of the
speculativeparallelexecution.

� An automatablestrategy: to decidewhen to usespeculative
parallelexecution.

Saving/RestoringState. Thereareseveralwaysto maintainback-
upsof theprogramvariablesthatmaybealteredby thespeculative
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parallelexecution.If theresources(timeandspace)neededtocreate
a backupcopyarenot too big, thena practicalsolutionis check-
pointingprior to thespeculativeexecution. It might bepossibleto
reducethis costby identifying andcheckpointinga point of mini-
mumstatein theprogramprior to thespeculativeparallelexecution.
A moreattractivesolutionis to privatizeall sharedvariables,copy±
in (on demand)any neededexternalvalues,andcopy±outany live
valuesif the testpasses,therebycommittingthe resultscomputed
by thedoall loop. This methodcould alsoyield betterdatalo-
cality andreducethenumberof messagesbetweenprocessors(e.g.,
it would generatelesscoherency traf®c in a cachecoherentdis-
tributedshared±memorymachine).Notethatprivatizedarraysneed
not bebackedup becausetheoriginal versionof thearraywill not
bealteredduringtheparallelexecution.

Hazard Detection. Thereareessentiallytwo typesof errors(haz-
ards)thatcouldoccurduringthespeculativeparallelexecution:(i)
exceptionsand(ii) the presenceof cross±iterationdependences in
theloop. A simpleway to dealwith exceptionsis to treatthemas
an invalid parallelexecution,i.e., if an exceptionoccurs,abandon
the parallelexecution,clear the exception¯ag, restorethe values
of any alteredprogramvariables,andexecutetheloopsequentially.
Below, wepresenttechniquesthatcanbeusedto detectthepresence
of cross±iterationdependences in the loop andto testthe validity
of any privatizationand/orreductionparallelizationtransformations
thatwereapplied.

An Automatable Strategy. The main factors that the compiler
shouldconsiderwhendecidingwhetherto speculatively parallelize
a loop are: the probability that the loop is a doall , the speedup
obtainedif theloop is a doall , andtheslowdown incurredif the
loop is not a doall . For example,the compilermight baseits
decisionon a ratio of theestimatedrun±timecostof anerroneous
parallel executionto the estimatedrun±timecost of a sequential
execution.If this ratio is small,thensigni®cantperformancegains
would result from a successful(valid) parallelizationof the loop,
at the risk of increasingthe sequentialexecutiontime by only a
small amount. In order to performa cost/bene®tanalysisandto
predictthe parallelismof the loop, the compilershouldusestatic
analysisandrun±timestatistics(collectedon previous executions
of the loop or from differentcodes);in addition,directivesabout
the parallelismof the loop might prove useful. In Section4.1
a complexity analysisof our run±timetestsis presentedthat can
be usedto staticallypredictthe minimumobtainablespeedupand
themaximumpotentialslowdown for a loop parallelizedusingour
techniques.

3.1 Run±time data dependenceanalysis

In this sectionwe describeanef®cientrun±timetechniquethat
canbe usedto detectthe presenceof cross±iterationdependences
in a loop thathasbeenspeculatively executedin parallel. If there
are any suchdependences, then this test will not identify them,
it will only ¯ag their existence. We note that the test needonly
be appliedto thosescalarsandarraysthat cannotbe analyzedat
compile±time.In addition,if any sharedvariableswereprivatized
for the speculative parallelexecution,thenthis testcandetermine
whetherthosevariableswerein factvalidly privatized.

An importantsourceof ambiguitythatcannotbeanalyzedstati-
callyandpotentiallygeneratesoverly conservativedatadependence
modelsis therun±timeequivalentof deadcode. A simpleexample
is whena loop ®rstreadsa sharedarrayelementinto a local vari-

ablebut thenonly conditionallyusesit in thecomputationof other
sharedvariables.If theconsumptionof thereadvaluedoesnotma-
terializeat run±time,thenthereadaccessdid not in factcontribute
to thedata¯o w of the loop andthereforecould not have causeda
dependence. Sincepredicatesseldomcanbe evaluatedstatically,
thecompilermustbeconservativeandconcludethatthereadaccess
causesa dependencein every iterationof the loop. Thetestgiven
hereimprovesuponthePrivatizingdoall testdescribedin [26] by
checkingonly thedynamicdatadependencescausedby theactual
cross±iteration̄o w of valuesstoredin the sharedarrays. This is
accomplishedusing a techniquewe call dynamicdeadreference
eliminationwhichisexplainedin detailfollowing thedescriptionof
thetest.

The mostgeneralversionof the test,asappliedto a privatized
sharedarray � , is given below, i.e., it testsfor all typesof de-
pendences, and alsowhetherthe array is indeedprivatizable. If
someof theseconditionsdo not needto be veri®ed,thenthe test
canbesimpli®edin astraightforwardmanner, e.g.,if thearraywas
not privatizedfor thespeculative parallelexecution,thenall steps
pertainingto theprivatizationcheckareomitted.

The Lazy (value±based)Privatizing doall Test(LPD Test)

1. Marking Phase. (Performedduring the speculative parallel
executionof the loop.) For eachsharedarray ���

�

����� whose
dependencescannotbedeterminedatcompiletime,wedeclareread
andwrite shadow arrays,�����

�

�	�
� and ���
�

�

����� , respectively. In
addition,wedeclareashadow array �������

�

�	�
� thatwill beusedto
¯ag arrayelementsthat cannotbevalidly privatized. Initially, the
testassumesthatall arrayelementsareprivatizable,andif it is found
in any iterationthat the valueof an elementis used(read)before
it is rede®ned(written), thenit will bemarkedasnot privatizable.
Theshadow arrays����� ��� , and �

���
areinitialized to zero.

Duringeachiterationof theloop,all de®nitionsor usesof thevalues
storedin thesharedarray � areprocessed:

(a) De®nitions(donewhenthevalueis written): settheelementin
�

� correspondingto thearrayelementthat is modi®ed(writ-
ten).

(b) Uses(donewhenthevaluethatwasreadis used):if this array
elementis nevermodi®ed(written)in this iteration,thensetthe
correspondingelementin �

� . If thevaluestoredin this array
elementhasnot beenwritten in this iterationbeforethis use
(readaccess),thensetthecorrespondingelementin ����� , i.e.,
markit asnotprivatizable.

(c) Countthetotal numberof write accessesto � thataremarked
in this iteration,andstorethe resultin ����� � ��� , where

�

is the
iterationnumber.

2. AnalysisPhase. (Performedafterthespeculativeparallelexecu-
tion.) For eachsharedarray � underscrutiny:

(a) Compute(i) ����� ��� ��������� � ��� , i.e., the total numberof
de®nitions(writes) that were markedby all iterationsin the
loop,and(ii) �� � ��� �!�#"$ � ���%�

�

�&��� � , i.e., thetotalnumber
of marksin ���%�

�

����� .

(b) If '

�)(

� ���*� � ��+ ����� � � � ,, i.e., if the markedareasarecommon
anywhere, then the loop is not a doall andthe phaseends.
(Sincewede®ne(write)anduse(read,but donotde®ne)values
storedatthesamelocationin differentiterations,thereisat least
one¯o w or antidependence.)

,#-�.0/

returnstheªORº of its vectoroperand'selements,i.e.,
-�.0/2143�5 6�7

.�8:9<;=143�5 6�8&>�3�5 ?�8�>A@B@C@#>�3�5 .08:9

.
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(c) Elseif ����� ����� �� � ��� , thenthe loop is a doall (without
privatizingthearray� ). (Sinceweneveroverwriteany memory
location,thereareno outputdependences.)

(d) Elseif '

�)(

� � � � � �B+ �����&� � � � , thenthearray� isnotprivatizable.
Thus,theloop,asexecuted,is notadoall andthephaseends.
(Thereis at leastoneiterationin whichsomeelementof � was
used(read)beforeit wasbeenmodi®ed(written).)

(e) Otherwise,theloopwasmadeinto adoall by privatizingthe
sharedarray � . (We remove all memory±relateddependences
by privatizingthisarray.)

Dynamic deadreferenceelimination. We now describehow the
markingof the readandprivateshadow arrays, ��� and � ��� , can
bepostponeduntil thevalueof thesharedvariableis actuallyused
(Step1(b)). More formally, thereferenceswe wantto identify are
de®nedasfollows.

De®nition: A dynamicdeadreadreference is a readaccessof a
sharedvariablethatboth
(a) doesnotcontributeto thecomputationof any othersharedvari-
able,and
(b) doesnot control(predicate)thereferencesto othersharedvari-
ables.

Thevalueobtainedthrougha dynamicdeadreaddoesnot con-
tribute to the data¯o w of the loop. Ideally, suchaccessesshould
not introducefalsedependencesin eitherthestaticor therun±time
dependenceanalysis. If it is possibleto determinethedeadrefer-
encesatcompiletime thenwecanjust ignorethemin ouranalysis.
Sincethis is generallynot possible(control ¯o w could be input
dependent)the compiler shouldidentify the referencesthat have
thepotentialto beunusedandinsertcodeto solve this problemat
run±time. In Fig. 3.1we give anexamplewherethecompilercan
identify sucha situationby following the def±usechain built by
usingarraynamesonly. To avoid introducingfalsedependences,
themarkingof the readshadow arrayis postponeduntil the value
thatis readinto theloopspaceis indeedusedin thecomputationof
othersharedvariables.In essencewe areconcernedwith the ¯o w
of thevaluesstoredratherthanwith their storage(addresses).We
notethat if the searchfor the actualuseof a readvaluebecomes
toocomplex thenit canbestoppedgracefullyatacertaindepthand
a conservativemarkingof theshadow arraycanbeinserted(on all
thepathsleadingto apossibleuse).

As canbe observedfrom theexamplein Fig. 3.1, this method
allows the LPD test to qualify more loops for parallel execution
thenwould be otherwisepossibleby just inspectingthe memory
referencesasin theoriginalPDtest[26]. In particular, aftermarking
andcountingwe obtaintheresultsdepictedin thetables.Theloop
fails thePD testsince �

�
��� � + �

�
����� is not zeroeverywhere(Step

2(b)). However, thelooppassestheLPDtest as��� �����C+ ������� � iszero
everywhere,butonlyafterprivatization,since����� ���

�

� �� � ��� and
��� ��� �)+ �

���
����� is zeroeverywhere.

Private shadowstructur es. The LPD testcantakeadvantageof
theprocessors'privatememoriesby usingprivateshadowstructures
for the markingphaseof the test. Then,at the conclusionof the
privatemarkingphase,thecontentsof theprivateshadow structures
aremerged into theglobalshadow structures.Note that sincethe
orderof the writes (marks)to an elementof theshadow structure
is not important,all processorscan transfertheir private shadow
structuresto theglobalstructurewithout synchronization.In fact,
usingprivateshadow structuresenablessomeadditionaloptimiza-
tion of the LPD testas follows. Sincethe shadow structuresare

privateto eachprocessor, the iterationnumbercanbe usedasthe
ªmark.º In thisway, nore±initializationof theshadow structuresis
requiredbetweensuccessiveiterations,andcheckssuchasªhasthis
elementbeenwritten in this iteration?º simply requirechecking
if the correspondingelementin � � is markedwith the iteration
number. Anotherbene®tof the iterationnumberªmarksº is that
they candoubleastime±stamps,which areneededfor performing
thelast±valueassignmentto any sharedvariablesthatarelive after
looptermination.

A processor±wiseversion of the LPD test. The LPD Testdeter-
mineswhethera loophasany cross±iterationdatadependences. It
turnsoutthatessentiallythesamemethodcanbeusedtotestwhether
theloop, asexecuted,hasany cross±processor datadependences. �

The only differenceis that all checksin the test refer to proces-
sorsratherthanto iterations,i.e.,replaceªiterationºby ªprocessorº
in the descriptionof the LPD test so that all iterationsassigned
to a processorareconsideredasoneªsuper±iterationºby the test.
Notethata loop thatis not fully parallelcouldpotentiallypassthe
processor±wiseversionof theLPD testbecausedatadependences
amongiterationsassignedto the sameprocessorwill not be de-
tected. This is acceptable(even desirable)aslong eachprocessor
executesits assignediterationsin increasingorder.

3.2 Run±time reductionparallelization

As mentionedin Section2, there are two tasksrequiredfor
reductionparallelization: recognizingthe reductionvariable,and
parallelizingthereductionoperation.Of these,we focusour atten-
tion ontheformersince,aspreviouslynoted,techniquesareknown
for performingreductionoperationsin parallel.Sofar theproblem
of reductionvariablerecognitionhasbeenhandledatcompile±time
by syntacticallypatternmatchingthe loop statementswith a tem-
plateof agenericreduction,andthenperformingadatadependence
analysisof thevariableunderscrutiny to validateit asa reduction
variable[39]. Thereare two major shortcomingsof suchpattern
matchingidenti®cationmethods.

1. Thedatadependenceanalysisnecessaryto qualify a statement
asareductioncannotbeperformedstaticallyin thepresenceof
input±dependentaccesspatterns.

2. Syntacticpatternmatchingcannotidentify all potentialreduc-
tion variables(e.g.,in thepresenceof subscriptedsubscripts).

Below weshow how eachof thesetwo dif®cultiescanbeovercome
with acombinationof staticandrun±timemethods.

3.2.1 The LRPD test: extendingthe LPD testfor reduc-
tion validation

In thissectionweconsidertheproblemof verifying thatastatement
is areductionusingrun±timedatadependenceanalysis.Thepoten-
tial reductionstatementis assumedto syntacticallypatternmatch
thegenericreductiontemplate� � � 
 ����� ; reductionstatements
that do not meetthis criterion aretreatedin the next section. To
verify thatsuchastatementis areductionweneedto checkthatthe
reductionvariable � satis®esthede®nitiongiven in Section2, i.e.,
that � is only accessedin thereductionstatement,andthat it does
notappearin ����� .

Ourbasicstrategy is to extendtheLPDtestto checkall statically
unveri®ablereductionconditions. We ®rstconsiderhow the test

�

This factwasnotedby SantoshAbraham[1].
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  K(1:5)= (1 2 3 4 1)
L(1:5) = (2 2 4 4 2)

do i=1, 5
z = A(K(i))

B1(1:5) = (1 0 1 0 1)

if 

(a)

(B1(i) .eq. .true.) then
A(L(i)) = z +C(i)

endif
enddo

(B1(i) .eq. .true.) then

A(L(i)) = z +C(i)
endif

enddo

if 

do 

(b)

i=1, 5
markread(K(i))
z = A(K(i))

markwrite(L(i))

(B1(i) .eq. .true.) then
z = A(K(i))

A(L(i)) = z +C(i)
endif

if 

enddo

markread(K(i))

do i=1, 5

(c)

markwrite(L(i))

original shadow arrays
PD test 1 2 3 4 ��� ���

�

� 0 1 0 1 3 2
�

� 1 1 1 1
�

��� 1 1 1 1
�

�

1C7 9��

�

�

1C7 9

0 1 0 1
�

�

1C7 9��

�

���

1C7 9

0 1 0 1

(d)

new shadow arrays
LPD test 1 2 3 4 ��� ���

�

� 0 1 0 1 3 2
�

� 1 0 1 0
�

��� 1 0 1 0
�

�

1C7 9��

�

�

1 7 9

0 0 0 0
�

�

1C7 9��

�

���

1 7 9

0 0 0 0

(e)

Figure2: The transformationof a do loop (a), usingthe original versionof the PD test (b), andthe lazy version(c). The markwrite (markread )
operationmarkstheindicatedelementin theshadow array

�

� (
�

� and
�

��� ) accordingto thecriteriagivenin Step1(a)(1(b))of theLPD test.Sincedynamic
deadreadreferencesarenot markedin theLPD test,thearrayA fails thePD testandpassestheLPD test,asshown in (d) and(e),respectively.

would be augmentedto checkonly that the reductionvariableis
not accessedoutsidethesinglereductionstatement.This situation
could ariseif the reductionvariableis an arrayelementaccessed
throughsubscriptedsubscriptsandthesubscriptexpressionsarenot
staticallyanalyzable.For example,althoughstatementS3 in the
loop in Fig. 3(a)matchesa reductionstatement,it is still necessary
to provethattheelementsof arrayAreferencedin S1 andS2 donot
overlapwith thoseaccessedin statementS3,i.e.,that: � �

�

�

�

�
	 ��� �

and � �

�

�

�

�
	 ��� � , for all
� � �

���

� �

. Thus, the LRPD test
must checkat run±timethat thereis no intersectionbetweenthe
referencesin S3 andthosein S1 and/orS2; in additionit will be
usedto prove, asbefore,that any cross±iterationdependences in
S1 andS2 areremovedby privatization.To testthisnew condition
we useanothershadow array ����� to ¯ag the arrayelementsthat
arenot valid reductionvariables. Initially, all arrayelementsare
assumedto be valid reductionvariables,i.e., �

���
� � � ���)'�� ��� . In

the markingphaseof the test, i.e., during the speculative parallel
executionof the loop, any arrayelementde®nedor usedoutside
the reductionstatementis invalidatedasa reductionvariable,i.e.,
its correspondingelementin �

��� is set to true. As before,after
thespeculative parallelexecution,the analysisphaseof the test is
performed. An elementof � is a valid reductionvariableif and
only if it wasnot invalidatedduringthemarkingphase,i.e., it was
notmarkedin �

��� asnotareductionvariablefor any iteration.The
othershadow arrays�

��� , ��� and ��� areinitialized,marked,and
interpretedjust asbefore.

The LRPD test can also solve the casewhen the exp part of
theRHSof thereductionstatementcontainsreferencesto thearray

� that aredifferent from the patternmatchedLHS andcannotbe
staticallyanalyzed.To validatesuchastatementasa reductionwe
mustshow thatno referencein expoverlapswith thoseof theLHS.
Thisis doneduringthemarkingphaseby settinganelementof �

���

to trueif thecorrespondingelementof � is referencedin exp.
In summary, theLRPD testis obtainedby modifying theLPD

test.Thefollowing stepis addedto theMarkingPhase.

1(a� ) De®nitionsanduses:if a referenceto � is notoneof thetwo
known referencesto the reductionvariable(i.e., it is outside
the reductionstatementor it is containedin exp), thensetthe
correspondingelementof �

���
to true (to indicate that the

elementis nota reductionvariable).(SeeFig. 3(a)and(b).)

In the Analysis Phase,Steps2(d) and 2(e) are replacedby the
following.

2(a� ) Else if '

�)(

� �
�

� � �)+ ������� � � + �����	� � � � , thensomeelement
of � written in the loop is neithera reductionvariablenor
privatizable. Thus, the loop, as executed,is not a doall
andthephaseends.(Thereexist iterations(perhapsdifferent)
in which an elementof � is not a reductionvariable,andin
whichit is used(read)andsubsequentlymodi®ed.)

2(b� ) Otherwise,theloopwasmadeinto adoall by parallelizing
reductionoperationsandprivatizingthesharedarray � . (All
datadependencesareremovedby thesetransformations.)

If the analysisphasevalidates(passes)the speculative parallel
executionof the loop, then,asbefore,the last±valueassignments
areperformedfor any live sharedvariables,and the scalarresult
of eachreductionis computedusingtheprocessors'partial results
in a reductionacrossthe processors.(SeeFig. 7.) (If reductions
areimplementedby placingthe reductionstatementsin unordered
critical sections,thenthis laststepis notnecessary.)

Multiple potential reduction statements. A more complicated
situationis whentheloopcontainsseveralreductionstatementsthat
refer to the samearray � . In this casethe type of the reduction
operationperformedon eachelementmustbethesamethroughout
theloopexecution,e.g.,avariablecannotparticipatein bothamul-
tiplicative andanadditive reductionsincetheresultingoperationis
notcommutativeandassociativeandis thereforenotparallelizable.
Thesolutionto thisproblemis to marktheshadow array �

��� with
thereductiontype. Whenevera referencein a reductionstatement
is marked,thecurrentreductiontype(e.g.,summation,multiplica-
tion) is checkedwith with previousone. If they arenot thesame,
thecorrespondingshadow elementof �

��� is setto true.
In Fig3(c)and(d),weshow how aloopcontainingtwopotential

reductionstatementswith differentoperatorsandan exp operand
thatcontainsreferencesto thearrayundertestcanbetransformedto
performarun±timedependenceandreductiontest.Thesubsequent
analysisof theshadow arrayswill detectwhichelementswereused
in a reductionand which are privatizableor read±only. If any
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i = 1, n
S1:         A(K(i)) = .......
S2:           ............  =  A(L(i))
S3: A(R(i)) = A(R(i)) + exp()

enddo

(a)

i = 1, ndoall 
markwrite(K(i))
markredux(K(i))

S1:         A(K(i)) = .......
markread(L(i))
markredux(L(i))

S2:           ............  =  A(L(i))
markwrite(R(i))
A(R(i)) = A(R(i)) + exp()S3:

enddoall

(b)

(c)

enddo

do i = 1, n

S2:         A(R(i)) = A(R(i)) + exp()
S1:         A(S(i)) = A(S(i)) + exp(X(i))

(:) = .false.

do 

A_nx

markwrite(S(i))

markwrite(R(i))

A_nx(R(i)) = '*'
endif
markread(X(i))

(A_nx(S(i)) .ne. '+') markredux(S(i))

if (A_nx(R(i)) .ne. .true.)  then
if (A_nx(R(i)) .ne. '*') markredux(R(i))

else

A_nx(S(i)) = '+'
endif

S2:         A(S(i)) =  A(S(i)) + exp()

i = 1, ndoall 

if  then(A_nx(S(i)) .ne. .true.) 

A(R(i)) = A(R(i)) + exp(A(X(i)))
markredux(X(i)) (d)

if 
else

enddoall

S1:

Figure3: The transformationof the do loopsin (a) and(c) is shown in (b) and(d), respectively. The markwrite (markread ) operationmarksthe
indicatedelementin theshadow array

�

� (
�

� and
�

��� ) accordingto thecriteriagivenin Step1(a)(1(b)) of theLPD test. Themarkredux operationsets
theshadow arrayelementof A nx to true. In (d), thetypeof thereductionis testedby storingtheoperatorin A nx .

elementis found not to belongto one of thesecategories, then
the speculative parallelizationwas incorrectand a sequentialre±
executionmustbeinitiated.

Asa®nalremark,wenotethatamoreaggressiveimplementation
could promotethe type of a reductionat run±time: if a memory
elementis®rstinvolvedin a'+' reductionandthenswitchesovertoa
'*' reductionandstaysthatway forall theremainingreferences,then
thespeculativeparallelexecutioncanstill yield valid partialresults
oneachprocessor. It is importantto rememberthatareductiontype
canbepromotedin only onedirection(it cannotbedemotedback
to its initial type) andonly onceper loop invocation. Of course,
thereductionacrossprocessorsmustre¯ect thereductionoperator
promotion.

3.2.2 Static reduction recognitionand run±time check

As mentionedat the beginning of this section,syntacticpattern
matchingisnotasuf®cientlypowerful methodtodetect all thevalues
thatareªsubjectºto a reductionoperation.In particular, syntactic
patternmatchingwill fail to identify a reductionwhenever all the
referenceson theRHSof theassignmentªlook differentº from the
referenceontheLHS.Thus,if astatementis in factareduction,but
thereferencesontheLHSand/ortheRHSareindirect,thensyntactic
patternmatchingwill fail. Thissituationcouldarisenaturally, e.g.,
throughtheuseof temporaryvariablesor subscriptedsubscripts.In
the lattercase,it canonly be determinedat run±timeif any of the
arrayelementsarereductionvariables.

In the following we show thata combinationof staticandrun±
time techniquescanbe usedto successfullyidentify several types
of potentialreductionsthat could not be recognizedwith pattern
matchingtechniques.Thegeneralstrategy is to speculatethatevery
assignmentto the arrayof interestis a potentialreduction,unless
provenotherwisestaticallyor by otherheuristics.At run±timethis
assumptionisthenvalidatedorinvalidatedonanelementbyelement
basis.

Singlestatementreduction recognition

We ®rstconsidera singlestatementin which the referenceson the
RHS areeitherdependenton the array � (alsoreferencedon the
LHS)orareto valuesknownto beindependentof � , e.g.,constants,
loopinvariants,or distinctglobalvariables.

The simplestcaseis whentheRHScontainsexactly onerefer-
enceto � . Considerthepotentialreductionstatement��� 	 �

�

� � �

���

�

�

�

� �

�

������� If 	 �

�

� �

�

�

�

� , for somevaluesof
�

, thenthe
probability that the surroundingloop is parallel is increased. In
this case,thesolutionis simply to checkthis equalityconditionat
run±time,andmarktheshadow array �

���
accordingly.

The situation is a bit more complex when the RHS con-
tainsmultiple referencesto the array � . Considerthe statement

��� 	 �

�

� � � ���

�

�

�

�

� �

�

���

�

�

�

�

� �

�

�����

�

���

���

�

�

� ��� Thisstate-
ment is a reductionif andonly if 	 �

�

�
�

�	�

�

�

� for exactly one
valueof � (seeSection2). As the operationis commutative and
associative, we cannotdiscountthe possibility of a reduction. In
this example,we mustcheckfor equalitybetween	 �

�

� andevery
�
�

�

�

� ,
� �

�

���

. If thisequalityconditionisnotmetexactlyonce,
then �

���
� 	 �

�

� � is set to true (to indicateit wasnot a reduction).
Wenotethatamoreaggressivestrategy couldbetakenwhenthere
aremultiplereferencesto ��� 	 �

�

� � ontheRHS:promotethe`+' re-
ductionto a `*' reduction.However, asmentionedin Section3.2.1,
the reductiontype canonly be promotedoncein the entire loop.
Fig. 4 shows the codegeneratedfor run±timevalidationwhenthe
RHS containsmultiple referencesto � . In the interestof clarity,
reductiontypepromotionis notshown.

Multiple statementreductionrecognition: ExpandedRe-
duction Statements

We now relaxall restrictionson theRHSandallow in it variables
thatareneitherexplicit functionsof thearrayappearingontheLHS
norexplicit loopinvariants.Ourgoalis to uncoverany possiblelink
betweentheLHS andtheRHS, if indeedoneexists. The general
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do i=1, n
S1:              A(K(i)) = .......
S2:               ..........     = A(L(i))
S3:              A(S(i)) = A(R(i)) + A(T(i)) + A(X(i))

enddo

(a)

function checkequal(x, y, ct)

        

(b)

end

if (x .ne. y) then
markredux(x)

else 
ct = ct + 1

endif
return

A_nx(:) = .false.

private  integer count
i = 1, n

count = 0
markwrite(K(i))
markredux(K(i))
A(K(i)) = .........
markread(L(i))
markredux(L(i))
   .........     = A(L(i))
markread(R(i))
markread(T(i))

doall

markread(X(i))

(c)

markwrite(S(i))
checkequal(R(i), S(i), count)

S1:

S2:

checkequal(T(i), S(i), count)
checkequal(X(i), S(i), count)

C type could be promoted if count = 3
         if (count .eq. 1) markredux(S(i))

S3:         A(S(i)) = A(R(i)) + A(T(i)) + A(X(i))
enddoall

Figure4: Thecodegeneratedfor thedo loop in (a) is shown in (c). In (c), theprocedurein (b) is called.Themark-x operationsareasdescribedin Fig. 3.

strategy of our methodsis a fairly straightforwarddemanddriven
forwardsubstitutionof all thevariableson theRHS,a processby
which all control ¯o w dependencesaresubstitutedby datadepen-
dencesasdescribedin [2, 33]. Oncethis expressionof theRHSis
obtainedit canbeanalyzedandvalidatedby themethodsdescribed
in theprevioussection.In thefollowing we explain by way of ex-
amplehow our new methodcanidentify reductionsby performing
in essenceavalue±basedratherthanadependence±basedanalysis.

In Fig. 5(a) statementS3 is ®rstlabeledat compile time as a
potentialreduction. Then,by following the def±usechainsof the
variableson the RHS (i.e., � and

(

) within the scopeof the loop
we ®ndthat in statementS1 � may potentiallycarry the valueof

��� 	 �

�

� � , while
(

is a constantwith respectto � . The algorithm
then examinesstatementS3 after forward substitution,but does
not actually replaceS3 in the generatedcode. The substitution
is doneonly for compiler analysispurposes. This new version
of S3, referredto as S33, is of the form:

�����

� ��� 	 �

�

� � �

��� � �

�

� �

����� �

� � '

�

� . Similarly, S5 becomes
��	
	

� ��� � �

�

� ���

��� � �

�

� �

����� �

�#�C'

�

� . Next, we labelthestatementpairs(S1, S3)
and(S1, S5) in theoriginal loopasexpandedreductionstatements
(ERSs).If we treateachERSasa singlereductionstatement,then
thisproblemis reducedto onetreatedabove.

The code generatedfor the run time marking of the ERS is
insertedfor bothsidesof thestatement(RHSandLHS),but only in
thesamebasicblockastheLHS. As wewill seein a laterexample,
this rule insuresthatbothsidesaremarkedwhenandif thereis an
assignment,i.e., it insuresthat a valueis actuallypassedfrom the
RHSto LHS. Any usesof valuesparticipatingin thereductionthat
occuroutsidetheERSinvalidatetheERS,i.e.,setthecorresponding
elementof the shadow array �

���
to true. In the caseof ERSs

obtainedthroughforward substitution,the valueof the reduction
referencemaypassthroughseveralmemorylocations(intermediate
variables)beforereachingthestatementof theLHS. As any useof
anintermediatevariablerepresentsauseof avaluethatparticipates
in the reduction,it invalidatesthe reductionfor the corresponding
elementof � . Theusescanbeobtainedby following thedef±use
chainwithin the scopeof the loop. However, basedon the dead

referenceeliminationprincipledescribedin Section3.1,only those
usesthat contribute to the actualdata±¯ow of the loop (whenthe
valueis passedon to a sharedvariableor controlsthe accessto a
sharedvariable)areprocessed.If notall localvariablescarryingthe
reductionvalueendup beingusedin the global data±¯ow within
theloop,thenwehaveeitherto verify thatthey (thelocalvariables)
areindeednot live after loop exit, or, if that is not possible,make
a conservative assumption(i.e., that all usescontribute to thedata
¯o w). In Fig.5(a),statementS4 passesthevalueof ��� � �

�

� � to the
localvariable� , whichin turnpassesit to ��� � �

�

� � in S5. Thesame
valueis alsopassedto the sharedvariable � � � �

�

� � in S6. Both
uses(in S5 andS6) should,in principle,invalidate�

���
� � �

�

� � . On
theotherhand,statementS5 is anotherpotentialreductionof the
sametypeasin S3 and,thusonly theusein S6 needsto invalidate

������� � �

�

� � . Thetransformedcodeis shown in Fig. 5(b).
We note that if one of the intermediatevariablesis itself an

arrayelementaddressedindirectly, thenanadditionalrun±timetest
mustbe performed. For example,if S1 andS3 in Fig. 5(a)were
of the form:

� �

�

�

��
 �

�

� �
� ��� � �

�

� � and
���

� ��� 	 �

�

� � �

�

�����

�

� �

� (

, thenavaluewouldbepassedfrom S1 to S3 only if

 �

�

� �����

�

� . However, if thearray
�

is privatizable,andoccurs
onlyin thesetwo statements,thentherun±timetestisnotnecessary,
i.e., if 
 �

�

�������

�

� , then ��� � �

�

� � would be processedwith the
readof

�

�����

�

� � in S3, andotherwiseno data¯o w wouldoccur.

Taking control ¯ow into account. The®nalsituationweconsider
is whenthe forwardsubstitutionproceduremusttakeinto account
conditionalbranchesandcarry informationintotheexpressionof the
ERS(seeFig. 6). Theadditionaldif®cultypresentedby thiscaseis
thefactthattheexactformof theRHSisnotknownstatically. What
isknown,however, is thesetof all possibleRHSforms,whichcanbe
computedby following all potentialpathsin thecontrol¯o w graph.
A direct approachusesa gatedstatic singleassignment(GSSA)
[5, 34] representationof the program. In sucha representation,
scalarvariablesareassignedonly once.At thepointsof con¯uence
of conditionalbranchesa � functionof the form � ��� �

�

�

�

�

�

� is
used(in theGSSArepresentation)to selectoneof thetwo possible
de®nitionsof a variable(

�

�

or
�

� ), dependingon the boolean
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(K(i) .ne. R(i)) then

endif

markredux(K(i))
markredux(R(i))

doall i = 1, n
S1:              z = A(K(i))
S2:              y = constant

                    
                    markread(K(i))

markwrite(R(i))

S3:              A(R(i)) = z + y
S4:              t = z
                    markwrite(L(i))
                    if then

endif

markredux(K(i))
(K(i) .ne. L(i)) 

if 

markredux(L(i))

(a)

S5:              A(L(i)) = t + y
S6:              if (exp) then

markredux(K(i))
B(f(i)) = t

endif
enddoall

(b)

do i=1, n
S1:              z = A(K(i))
S2:              y = constant
S3:              A(R(i)) = z + y
S4:              t = z
S5:              A(L(i)) = t + y

ifS6:                  (exp) B(f(i)) = t
enddo

Figure5: Thecodegeneratedfor thedo loop in (a) is shown in (b). The
mark-x operationsareasdescribedin Fig. 3.

expression� . By proceedingbackwardsthroughthedef±usechains
(whichincludethe � functions)it is easyto expandascalarvariable
in termsof booleanexpressions,otherscalarvariables,andarray
elements.In theexampleof Fig. 6, thevariable � in statementS9
wouldbeexpandedasfollows:

���

� � ���

�

�C�B� ����� �

�

� � �

� � ���

�

� � ���

�

���$� �������

�

� ��� �����	�

�

� � � �

� � ���

�

� � ���

�

� � ���

�

� ��� � �

�

� � ��� ��� � �

�

� ��� �������

�

� ��� ����� �

�

� � � �

whichmeansthatthevalueof � is:

� �

��

�

�	

��� � �

�

� � if ���

�

+ �

�

+ �

�

� is true
��� � �

�

� � if ���

�

+ �

�

+�
 �

�

� is true
�������

�

� � if ���

�

+�
 �

�

� is true
����� �

�

� � if ��
 �

�

� is true

(1)

This compound equation can then be used to generatea
markread anda markredux operationat statementS9 where

� is read.To saveunnecessarywork, weonly expandthosescalars
that areon the RHS of assignmentsto sharedvariablesor in po-
tentialreductionstatements(e.g.,in thecaseof � in statementS8).
All otherscalarreferencescanbesafelyignored. Fig. 6(b) shows
theprogramin Fig. 6(a)after the insertionof themarkread and
markredux operations,which arebasedon theexpansionof the
scalarvariables.Thepossibledrawbackof thisapproachis thatthe
numberof potentialreductionsandthenumberof termsin thelogic
expressionsgeneratedmaybe quitelarge. If this happens,we can
gracefullydegradeto amoreconservativeapproach:testonly some
of theexpressionsof theERSandinvalidateall therest.

do 

if

else

endif
if
if
if
if

i = 1, n
S1:              w = A(M(i))
S2:              t = A(J(i))
S3:                   (B1) 
S4:                   z = A(K(i))

S5:                   z = A(L(i))

S6:                   (B2) t = z
S7:                   (B3) w = t

enddo
S9:                   (B5) Y(i) = w

(a)

if

else

endif
if
if
if

S1:              w = A(M(i))

S8:                   (B4) A(R(i)) = A(R(i)) + z

S2:              t = A(J(i))

then

S3:                   (B1) 
S4:                   z = A(K(i))

S5:                   z = A(L(i))

S6:                   (B2) t = z
S7:                   (B3) w = t

doall i = 1, n

S8:                   (B4)   
markread(B1*K(i) + notB1*L(i))

markwrite(R(i))
A(R(i)) = A(R(i)) + z

markredux(B1*K(i) + notB1*L(i))

endif
S9:                   (B5) if

                 + B3*notB2*J(i) + notB3*M(i))

markread(B3*B2*B1*K(i) + B3*B2*notB1*L(i)
                 + B3*notB2*J(i) + notB3*M(i))

enddoall

Y(i) = w
endif

markredux(B3*B2*B1*K(i) + B3*B2*notB1*L(i)

(b)

then

then

then

Figure6: The codegeneratedfor the do loop in (a) is shown in (b).
The mark-x operationsare as describedin Fig. 3. The expressionsin
themarkread andmarkredux operationsareabreviationsof if then
else statementsrepresentingthe different assignmentsto z (S8) andw
(S9) asin Equation1. Theoperatorsª* º, ª+º, andªnot º representlogical
ªandº, ªorº, andªcomplementºoperators,respectively.

It is importantto note that the loop in Fig. 6 exempli®esthe
typeof loop found in theSPICE2G6program(subroutineLOAD)
which can accountfor 70% of the sequentialexecutiontime (Its
vectorizationhasdealtwith before[35]).

Finally wementionthatreductionssuchasmin,max,etc., would
®rsthave to besyntacticallypatternmatched,andthensubstituted
by theminandmaxfunctions.Fromthisperspective,they aremore
dif®cultto recognizethansimplerarithmeticreductions.However,
afterthistransformation,ourtechniquescanbeappliedasdescribed
above.

4 Putting it All Together

In theprevioussectionswe describedrun±timetechniquesthat
can be usedfor the speculative parallelizationof loops. These
techniquesareautomatableandagoodcompilercouldeasilyinsert
themin the original code. In this section,we give a brief outline
of how a compilermight proceedwhenpresentedwith a do loop
whoseaccesspatterncannotbestaticallydetermined.
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A. At CompileTime.

1. A cost/bene®tanalysisis performedusingboth staticanalysis
(basedon the asymptoticcomplexity of the LPRD test given
below) andrun±timecollectedstatisticsto determinewhether
theloopshouldbe:

(i) speculatively executedin parallelusingtheLRPDtest,

(ii) ®rsttestedfor full parallelism,andthenexecutedappropri-
ately (usingan inspector/executorversionof the LRPD
Test),or

(iii) executedsequentially.

2. Generatethecodeneededfor thespeculativeparallelexecution.
A parallelversionof the original loop is augmentedwith the
markread , markwrite andmarkredu x operationsfor the
LRPDtest;if necessaryto identify reductionvariables,theloop
is alsoaugmentedasdescribedin Section3.2.2. In addition,
codeis generatedfor: theanalysisphaseof theLRPDTest,the
potentialsequentialre±executionof theloop,andany necessary
checkpointing/restorationof programvariables.

B. At Run±Time.

1. Checkpointif necessary,i.e.,savethestateof programvariables.

2. Executethe parallel versionof the loop, which includesthe
markingphaseof thetest.

3. Executetheanalysisphaseof thetest,whichgivesthepass/fail
resultof thetest.

4. If thetestpassed,thencomputethe®nalresultsof all reduction
operations(from the processors'partial results)andcopy±out
thevaluesof any live privatevariables.If the testfailed, then
restorethevaluesof any alteredprogramvariablesandexecute
thesequentialversionof theloop.

5. Collectstatisticsfor usein futureruns,and/orfor schedulereuse
in this run.

An example using iteration numbersas ªmarksº in private
shadow arraysis shown in Fig. 7. If the speculative execution
of the loop passestheanalysisphase,thenthescalarreductionre-
sultsarecomputedby performingareductionacrosstheprocessors
usingtheprocessors'partialresults.Otherwise,if thetestfails, the
loop is re±executedsequentially.

4.1 Complexity of the LRPD test

ThetimerequiredbytheLRPDtestis � �

�

�����B'0� � � �����

�

'

�

�

�

�����

� � , where� is thenumberof processors,
�

is thetotal iteration
countof the loop, � is thenumberof elementsin thesharedarray,
and ' is the(maximum)numberof accessesto thesharedarrayin a
singleiterationof theloop. We assumethattheimplementationof
thetestusesprivateshadow structures.Theanalysisbelow is valid
for all variantsof theLRPDtest.

Themarkingphase(Step1) takes���

�

'

�

�

�

�

���	�
�

� � time,i.e.,
proportionalto �
��� �

�

'

�

�)�#���

���
�

� � time. We recordthe readand
write accesses,andthe reductionandprivatization¯ags in private
shadow arraysusingiterationnumberªmarksº. In orderto check
whetherfor areadof anelementthereisawrite in thesameiteration,
wesimplycheckthatelementin theshadow array±aconstanttime
operation.All accessescanbe processedin ���

�

'

�

� � time, since
eachprocessorwill beresponsiblefor ���

�

'

�

� � accesses. After all
accesseshave beenmarkedin privatestorage,the privateshadow

arrayscanbemergedinto theglobalshadow arraysin ���C�

�������

� �

time; the
���
�

� contribution arisesfrom thepossiblewrite con¯icts
in globalstoragethatcouldberesolvedusingsoftwareor hardware
combining. The countingin Step2(a) canbe donein parallelby
giving eachprocessor�

�

� valuesto addwithin its privatememory,
andthensummingthe � resultingvaluesin global storage,which
takes ���C�

�

�

�����
�

� � time [19]. The comparisonsin Step2(b)
(2(d)) of ��� with ��� (with � ��� and � ��� ) take ���C�

�

�

�����
�

� �

time.
If the loop passesthe test, thenthe ®nalresultof eachreduc-

tion mustbecomputed(unlessthereductionwasparallelizedusing
unorderedcritical sections)andlastvalueassignmentsmustbeper-
formed for the live private variables. If the reductionoperation
is parallelizedusingunorderedcritical sections,thenno overhead
is incurred,i.e., theoriginal sequentialreductionoperationandits
transformedparallelversionrequirethesamenumberof operations
(within asmallconstantfactor).However, if thereductionis paral-
lelizedusingrecursive doubling,thenanoverhead���C�

�����
�

� � is
incurredwhentheprocessors'partial resultsaremergedpair±wise
intothescalarreductionresults.Similarly, theprivatevariableswith
the latesttime stamps(iterationnumberªmarksº) canbe selected
for lastvalueassignmentin time ���C�

�������

� � .

Hash tables. If ���

�

'

�

� , thenthenumberof operationsin the
LRPDtestdoesnotscalesinceeachprocessormustalwaysinspect
everyelementof its privateshadow structurewhentransferringit to
theglobalshadow structure(eventhougheachprocessoris respon-
sible for fewer accessesas the numberof processorsincreases).
Anotherrelatedissueis that the resourceconsumption(memory)
would not scale.However, if ªshadowº hashtablesareused,then
eachprocessorwill only have privateshadow copiesof the array
elementsaccessedin iterationsassignedto it, which will increase
thecostperaccessby asmallconstantfactor. Thus,if hashtablesof
size ���

�

'

�

� � areused,thenthecomplexity of themarkingphase
becomes���

�

'

�

�

�������

� � . Similarly, usinghashtablestheanalysis
phaseandany neededlastvalueassignmentsand/orprocessor±wise
reductionoperationscanbeperformedin time ���

�

'

�

�

�������

� � .

5 Experimental Results

In this sectionwe presentexperimentalresultsobtainedon two
modestlyparallelmachineswith 8 (Alliant FX/80 [3]) and14 pro-
cessors(Alliant FX/2800[4]) usingaFortranimplementationof our
run-timelibrary. Thecodeshavebeenmanuallyinstrumentedwith
calls to the run-timelibrary. However, we remarkthat our results
scalewith thenumberof processorsandthedatasizeandthusthey
shouldbe extrapolatedfor massively parallel processors(MPPs),
theactualtargetof our run±timemethods.

Weconsideredsevendo loopsfrom thePERFECTBenchmarks
[7] that could not be parallelizedby any compileravailableto us.
Our resultsare summarizedin Table 1. For eachloop, we note
thetypeof testapplied:doall indicatescross±iterationdependences
werechecked(LazyDoall (LD) test),privat indicatesprivatization
waschecked(LPD test),reductindicatesreductionparallelization
waschecked(LRD test). For eachmethodappliedto a loop, we
givethespeedupthatwasobtained,andthepotentialslowdown that
would havebeenincurred if, after applyingthe method,the loop
hadtobere±executedsequentially. If theinspector/executorversion
of the LRPD testwasapplied,the computationperformedby the
inspectoris shown in thetable: thenotationprivatizationindicates
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               do 

enddo

S1:              A(R(i)) = A(R(i)) + exp()
S2:                 .........    = A(L(i))

i=1, n
               A(1:m)dimension 

C            original loop

C            Analysis Phase
doall i=1,n

enddoall

A_w(1:m) = pA_w(1:m,i)
A_r(1:m) = pA_r(1:m,i)
A_nx(1:m) = pA_nx(1:m,i)

result = test(A_w, A_r, A_nx)
if (result .eq. pass) then

C            compute reduction
doall 

enddoall

i=1, m
if (A_nx(i) .eq. .false.) 

A(i) = sum

(a)

(pA(i, 1:procs))

               A_nx(m), pA_nx(m,procs)

C            execute the loop sequentially
else

endif

(c)

A(m), pA(m,procs)

i=1,n
private p 
p = get_proc_id()

if

pA_w(R(i), p) = i
S1:              pA(R(i), p) = pA(R(i), p) + exp()

(pA_w(L(i), p) .ne. i)
pA_r(L(i), p) = i

pA_nx(L(i), p) = .true.
S2:                ...........       = pA(L(i), p)

enddoall

C            Marking Phase
dimension 
dimension 
dimension 
dimension 

               Initialize(pA, pA_w, pA_r, pA_nx)
doall 

(b)

               A_w(m), pA_w(m,procs)
               A_r(m), pA_r(m,procs)

Figure7: Thesimpli®edcodegeneratedfor thedo loop in (a) is shown in (b) and(c). Privatizationis not testedbecauseof a readbeforeawrite reference

theinspectorveri®edthatthesharedarraywasprivatizableandthen
dynamicallyprivatizedthearrayfor theparallelexecution,branch
predicateand subscriptarray meanthat the inspectorcomputed
thesevalues,andreplicatesloopmeansthattheinspectorwaswork±
equivalentto theoriginal loop.

In additionto thesummaryof resultsgivenin Table1, weshow
in Figures8 through14 the speedupandthe potential slowdown
measuredfor eachloop asa functionof thenumberof processors
used. For reference,thesegraphsshow the ideal speedup,which
was calculatedusing an optimally parallelized(by hand)version
of the loop. Thepotentialslowdown reportedis thepercentageof
the executiontime that would be paid asa penaltyif the testhad
failed,andtheloopwasthenexecutedsequentially. In caseswhere
extractionof a reducedinspectorloop wasimpracticalbecauseof
complex control ¯o w and/orinter±proceduralproblems,we only
appliedthespeculativemethods.

Whenevernecessaryin thespeculativeexecutions,weperformed
a simplepreventive backupof the variablespotentiallywritten in
the loop. In somecases,the cost of saving/restoringmight be
signi®cantlyreducedby using anotherstrategy. In order for our
methodsto scalewith thenumberof processors,theshadow arrays
mustbedistributedover theprocessorspace,ratherthanreplicated
on eachprocessor(Section4.1). For this purpose,we tried using
hashtables.Sincewe hadat most14 processors,theextra costof
thehashaccessesdominatedthebene®tof reducingthesizeof the
shadow arrays. This wasparticularlytrue for the loopsfrom the
OCEANandTRFDBenchmarks.However, onalargermachinewe
wouldexpecttheuseof hashtablesto payoff. Dueto thisproblem,
theresultsreporteddonot re¯ect theuseof hashtables.

Thegraphsshow thatin mostcasesthespeedupsscalewith the
numberof processorsandarea very signi®cantpercentageof the
ideal speedup.Whenthey do not scale,asmentionedabove, we
believethattheuseof hashtables(for MPPs)will preservethescal-
ability of ourmethods.Wenotethatwith theexceptionof theTRFD
loop(Fig.10),thespeculativestrategy givessuperiorspeedupsver-
sustheinspector/executormethod.For bothmethodsthepotential
slowdown is small,anddecreasesasthe numberof processorsin-
creases.As expected,the potentialslowdown is smaller for the
inspector/executormethod.

We now makea few remarksaboutindividual loopsfor which
Table1 doesnotgive completeinformation.

The loop from TRACK is parallel for only 90% of its invo-

cations. In the caseswhenthe test failed, we restoredstate,and
re±executedthe loop sequentially. The speedupreportedincludes
boththeparallelandsequentialinstantiations(Fig. 11).

Loop 40 from SPICEis representative of the type of the loop
containedin theLOAD subroutine,whichaccountsfor 70%of the
sequentialexecutiontime. Sinceall the arraysare equivalenced
to a global work array, all accessesin the loop wereshadowedin
the LRD test, i.e., eacharray elementwas proven to be eithera
reductionvariable,read±only, or independent(i.e.,accessedin only
oneiteration). For this loop we usedaninspector/executorversion
of the LRD test (insteadof a speculative parallelization)because
of complex memorymanagementproblemsfor theshadow arrays
in thepresenceof highly irregular andsparseaccesspatterns.The
idealspeedupof loop 40 is not very large sincethe loop is small,
imbalancedbetweeniterations,and traversesa linked list. The
linkedlist traversalwasparallelizedusingtechniqueswedeveloped
for automaticallyparallelizingwhile loops[27]. Thus,although
theobtainedspeedupis modest,it representsa signi®cantfraction
of theidealspeedup(seeFig. 14). Therefore,sinceloop 40 is one
of thesmallestloopsin theLOAD subroutine,we expectto obtain
betterspeedupson the larger loops (sincethey have larger ideal
speedups). In thecamera±readyversionof thepaper, wewill report
thespeedupsobtainedon all loopsin subroutineLOAD.

The speedupsobtainedfor the loops from both OCEAN and
TRFDaremodestbecausethey arekernels.In thecaseof theloop
from TRFD we wereableto reusethe scheduleand improve our
resultssigni®cantly. Becauseof thelargedatasetaccessed,theloop
from TRFDis theonly casein whichspeculativeexecutionproved
to beinferior to the inspector/executormethod(saving statewasa
signi®cantportionof theexecutiontime).

6 Conclusion

In this paperwe have approachedthe problemof parallelizing
statically intractableloops at run±timefrom a new perspective ±
insteadof determininga valid parallelexecutionschedulefor the
loop,wespeculatethattheloopis fully parallelizable,afrequentoc-
currencein realprograms.Weproposedef®cient,scalablerun±time
techniquesfor verifying thecorrectnessof aspeculativeparallelex-
ecution,i.e.,methodsfor checkingthattherewerein factno cross±
iterationdependences in the loop. From our previous experience
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Benchmark
�

ExperimentalResults
Subroutine potential Tested Descriptionof Loop Inspector
Loop Technique Speedup Slowdown (% of sequentialexecutiontimeof program) (computation)

MDG 14 processors privatization
INTERF speculative 11.55 1.09 doall accessesto aprivatizablevectorguarded dataaccesses
loop1000 insp/exec 8.77 1.03 privat by loopcomputedpredicates(92% ������� ) branchpredicate
BDNA 14 processors privatization
ACTFOR speculative 10.65 1.09 doall accessesprivatizablearrayindexedby a dataaccesses
loop240 insp/exec 7.72 1.04 privat subscriptarraycomputedinsideloop (32% ������� ) subscriptarray

8 processors
TRFD speculative .85 2.17 doall smalltriangularloop accessesavector dataaccesses
INTGRL schedreuse 1.93 2.17 indexedby asubscriptarraycomputed replicatesloop
loop140 insp/exec 1.05 1.74 outsideloop(5% ������� )

schedreuse 2.10 1.74
TRACK accessesarrayindexedby subscriptarray
NLFILT 8 processors doall computedoutsideloop,accesspattern not applicable
loop300 speculative 4.21 1.01 guardedby loop computedpredicates(39% ������� )
ADM accessesprivatizablearraythrualiases,
RUN 14 processors doall arrayre±dimensioned,access not applicable
loop20 speculative 9.01 1.02 privat patterncontrol¯ow dependent(44% ������� )
OCEAN 8 processors kernel±likeloopaccessesavectorwith dataaccesses
FTRVMT speculative 2.23 1.45 doall run±timedeterminedstrides replicatesloop
loop109 insp/exec 2.14 1.30 26K invocationsaccountfor 43% �������

SPICE traverseslinked list terminatedby aNULL
LOAD 8 processors doall pointer, all referencedarraysequivalenced dataaccesses
loop40 insp/exec 2.75 1.09 reduct to aglobalwork array

Table1: Summaryof ExperimentalResults.

with staticanalysisandparallelizationof Fortranprograms,wehave
foundthatthetwo transformationsmosteffective in removing data
dependencesareprivatizationandreductionparallelization.Thus,
our new run±timetechniquesfor checkingthevalidity of specula-
tive applicationsof thesetransformationsincreasesour chanceof
extractingasigni®cantfractionof theavailableparallelismin even
themostcomplex program.Themethodsin thispaperemployade-
pendenceanalysisbasedon theactualexchange(de®nitionor use)
of valuesratherthanon the memoryreferencesthemselves. This
approachleadsto theexploitationof moreparallelismthanwaspre-
viouslypossibly, e.g.,ourgeneralmethodfor reductionrecognition
thatdoesnot rely onsyntacticpatternmatching.

Ourexperimentalresultsshow thattheconceptof run±timedata
dependencecheckingis a usefulsolutionfor loopsthat cannotbe
analyzedsuf®cientlyby a compiler. Both speculative andinspec-
tor/executorstrategieshavebeenshown to beviablealternativesfor
evenmodestlyparallelmachineslike theAlliant FX/80 and2800.
We would like to emphasizethatour methodsareapplicableto all
loops,withoutany restrictionson theirdataor control¯o w.

We believe that thesigni®canceof themethodspresentedhere
will only increasewith theadventof massively parallelprocessors
(MPPs)for which thepenaltyof notparallelizinga loopcouldbea
massiveperformancedegradation.Aswehaveshown,ourrun±time
testsareef®cientandscalable,andthusif the target machinehas
many (hundreds)processors,then the costof our techniqueswill
becomea very small fractionof thesequentialexecutiontime. In
otherwords,speculatingthattheloopis fully parallelhasthepoten-
tial to offer largegainsin performance(speedup),while at thesame
time riskingonly smalllosses.To biastheresultsevenmorein our
favor, thedecisiononwhentoapplythemethodsshouldmakeuseof

�

All benchmarksarefrom thePERFECTBenchmarkSuite

run±timecollectedinformationaboutthefully parallel/notparallel
natureof theloop. In addition,specializedhardwarefeaturescould
greatlyreducetheoverheadintroducedby themethods.

Finally we believe that the true importanceof this work is that
it breaksthebarrieratwhichautomaticparallelizationhadstopped:
regular, well±behavedprograms.We think that theuseof aggres-
sive, dynamic techniquescan extract most of the available par-
allelism from even the most complex programs,making parallel
computingattractive.
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