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Abstract

Currentparallelizingcompilerscannoidentify asigni®cantrac-
tion of parallelizabldoopsbecause¢hey have comple or statically
insuf®cientlyde®nediccespatterns.As parallelizabldoopsarise
frequentlyin practice,we adwcatea novel framewvork for their
identi®cation:speculatiely executetheloop asadoall , andap-
ply afully paralleldatadependenceestto determindf it hadary
crosstiteratiordependencesf the testfails, thenthe loop is rex
executedserially. Since,from our experiencea signi®canamount
of theavailableparallelismin Fortranprogramsanbeexploitedby
loopstransformedhroughprivatizationandreductionparalleliza-
tion, ourmethodscanspeculatiely applythesaransformationand
thenchecktheir validity at runttime. Anotherimportantcontribu-
tion of this paperis anovel methodfor reductiorrecognitionwhich
goesheyondsyntactigpatternmatching:it detectsatrunztimeif the
valuesstoredin anarrayparticipatein a reductionoperationgven
if they aretransferredhroughprivate variablesand/orareaffected
by staticallyunpredictablecontrol ow. We presentexperimental
resultson loopsfrom the PERFECTBenchmarkavhich substanti-
ate our claim thatthesetechniquesanyield signi®canspeedups
which areoften superiorto thoseobtainableby inspector/gecutor
methods.

1 Intr oduction

To achiese ahigh level of performancdor a particularprogram
on today's supercomputerssoftwaredevelopersare often forced
to tediously hand+codeoptimizationstailored to a speci®cma-
chine. Suchhandtcodings dif®cult, increaseshe possibility of
error over sequentialprogramming,and the resulting code may
not be portableto othermachines.Restructuringpr parallelizing,
compilersaddresgheseproblemsby detectingandexploiting par
allelismin sequentiaprogramswritten in conventionallanguages.
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Although compilertechniquedor the automaticdetectionof par
allelism have beenstudiedextensively over the last two decades
(seeg.q.,[25, 36]), currentparallelizingcompilerscannotextracta
signi®canfraction of the availableparallelismin aloop if it hasa
complex and/orstaticallyinsuf®cientlyde®necccespattern.One
majorreasorfor thisinability to staticallyparallelizesomeprograms
is thatthe mosteffective transformationsprivatizationandreduc-
tion recognition cannotbe appliedto a large classof applications
that have irregular domainsand/ordynamicallychanginginterac-
tions. Typical examplesare complex simulationssuchas SPICE
for circuit simulation,DYNA+3D andPRONTO+3Dfor structural
mechanicanodeling, GAUSSIAN and DMOL for quantumme-
chanicalsimulationof moleculesCHARMM andDISCOVER for
moleculardynamicssimulationof organicsystemsandFIDAP for
modelingcomplex uid ows[11].

Thus, in orderto realizethe full potentialof parallelcomput-
ing it hasbecomeclearthatstatic(compilettime)analysismustbe
complementebtly new methodscapableof automaticallyextracting
parallelismat runttime[9, 11, 14]. Runztimetechniqguesansuc-
ceedwherestaticcompilationfails becausehey have accesdo the
input data. For example,inputdependentr dynamicdatadistritu-
tion, memoryaccesseguardedoy runtimedependentonditions,
and subscriptexpressionscan all be analyzedunambiguouslyat
runttime. In contrastat compilettimethe accesgatternof some
programgannotbedeterminedsometimesiueto limitationsin the
currentanalysisalgorithmsbut often becausehe necessarynfor-
mationis just not available,i.e., the accesgatternis a function of
theinput data. For example,mostdependeneanalysisalgorithms
canonly dealwith subscriptexpressionghatarelinearin theloop
indices. In the presencef nonzlinearexpressionsa dependene
is usuallyassumed.Also, generallycompilersconseratively as-
sumedatadependencem the presencef subscriptedsubscripts.
Althoughmorepowerful analysigechniquegsouldremove thislast
limitationwhentheindex arraysarecomputedisingonly statically+
knownvalueshothingcanbe doneatcompilextimenvhentheindex
arraysarea functionof theinput data[20, 30, 38].

Most previousapproacheto runttimeparallelizatiorhave con-
centratecdn developingmethoddor constructingexecutionsched-
ulesfor partially parallel loops, i.e., loops whoseparallelization
requiressynchronizatiorio ensurehattheiterationsareexecutedn
thecorrecorder Thesemethodsarecenteredaroundheextraction
of aninspectoioopthatanalyzeshedataaccespatterrfofftline?

The only exceptionof which we areawareis our inspectormethodfor
doall parallelization[26]. Runztimeanalysistechniquesave alsobeen
usedto detectacces@nomalie®r raceconditionsin parallelprogramgsee,
e.g.,[13, 24, 31]). However, thesemethodsaregenerallynotappropriatéor
runttimeloop parallelizationsincethey are optimizedfor other purposes,
e.g., for them minimizing memory requirementds more importantthan
speed.



i.e.,without sideeffects[8, 20, 23, 26, 28,29, 30,37, 38,12]. The
inspectiorphasef theseschemessuallyyieldsapartitioningof the
setof iterationsinto subsetshatcanbeexecutedin parallel. These
subsetssometimesalledwavefonts arescheduledequentialljpy
placingsynchronizatiorbarriersbetweerthem.

Unfortunatelythe distribution of the original loop into an in-
spectorandexecutorloopis often notadvantageousif theaddress
computatiorof thearrayundertestdepend®ntheactualdatacom-
putation,as exempli®edby Fig. 1(a), thenthe inspectorbecomes
both computationallyexpensie and hassidezefects. This means
that sharedarrayswould be modi®edduring the executionof the
inspectorloop and saving the state of thesevariableswould be
requiredt makingtheinspectorequivalentto theloop itself. In ad-
dition, thedesirablegoalof exploiting coarsexgraiparallelization,
i.e., at the level of large complex loops, makesit evenlesslikely
thatanappropriatéinspector®loop canbe extracted.

1.1 Speculativedoall parallelization

In this papewe proposea novel framewvork for parallelizingdo
loopsat runttime. The proposedramevork differs conceptually
from previousmethodsn two major points.

Insteadof ®ndinga valid parallel executionschedulefor the
loop, we focuson the problemof simply decidingif theloopis
fully parallel,thatis, determiningwhetheror not the loop has
crosstiteratiomlependence (This approachwasalsotakenin
(26].)

Insteadf distributingtheloopintoinspedorandexeautorloops
we speculativelyexecutethe loop asa doall | i.e., executeall
its iterationsconcurrently andapply a runttimetestto check
if therewereary crosstiterationlependencedf the runttime
testfails, thenwewill payapenaltyin thatwe needto backtrack
andreteecutetheloop serially.

Compilersoften transformprogramsto optimize performance.
The two mosteffective transformationgor increasingthe amount
of parallelismin a loop (i.e., removing certaintypesof datade-
pendencesare array privatization and reductionparallelization
KrothapalliandSadayappafi5] proposedaninspectomethodfor
runztimeprivatizationwhich reliesheavily on synchronizationin-
sertsan additionallevel of indirectioninto all memoryaccesses
and calls for dynamicsharedmemoryallocation. In our previous
work [26] we gave an inspectormethodwithout thesedravbacks
for determiningwhethera do loop canbe executedasa doall ,
perhapdby privatizingsomesharedsariables.No previousruntime
methodshave beenproposedor parallelizingreductionoperations.

In this paperwe presensereral new ideas: First, we adwocate
the useof runttimeteststo validatethe executionof aloop thatis
speculatiely executedn parallel. Theadvantagef thisapproaclis
thatthecomputatiorof theloopis performedconcurrentlywith the
tests,i.e., thememoryaccesgatterndoesnot needto be extracted
andanalyzedseparatelyasin inspector/gecutormethods. In Sec-
tion 5 we presenexperimentatesultsonloopsfrom thePERFECT
Benchmarkswhich substantiateour claim that speculatie tech-
niguescanyield signi®canspeedupsvhich are often superiorto
thoseobtainableby inspector/gecutormethods. Secondjn addi-
tion to arrayprivatization thenew techniquesrecapableof testing
at runttimethe validity of the powerful reductionparallelization

If desiredall of ourrunttimetestscanbeappliedin inspector/executo
mode.

transformationIn particular for anarrayelement(or section),our
runttimemethodsareableto detectwhetherit participatedexclu-
sively in a reductionoperation,or if all its accessesvere either
readtonlyor privatizable.If all thememoryreferences ado loop
fall underary of thesecategoriesthenthe speculatie concurrent
executionof the loop wasvalid, i.e., the loop wasindeedparal-
lel. The new algorithmsconsideronly datadependencesaused
by actualcrosstiteratiomlatat av (a ow of values). Thus,they
may potentiallyqualify moreloopsasparallelthanthe methodin
[26] which consenatively consideredhe dependencgdueto every
memoryreferencet evenif no crosstiteratiomlatat ov occurred
at runttime. This situationcould arisefor examplewhen a loop
readsa sharedsariable,but thenonly usest conditionally

Anotherimportantcontrikution of this paperis a novel method
for reductionrecognition in contrasto the staticpatternmatching
techniquesemployedby compilersuntil now, our methoddetects
if the valuesstoredin anarrayparticipatein a reductionoperation,
even if they are transferredthrough private variablesand/orare
affectedby staticallyunpredictableontrol ow.

Ourmethoddor speculatiely executingdo loopsin parallelare
describedn Sections3 and4. In Section5, we presentsomeex-
perimentameasurementsf loopsfromthePERFECTBenchmarks
executedntheAlliant FX/80and2800. Thesemeasurementhov
thatthe techniquegresentedn this paperareeffective in produc-
ing scalablespeedup®ven thoughthe runttimeanalysisis done
withoutthe helpof any specialhardwarelevices. It is concevable,
andwe believe desirable thatfuture machinesvould includespe-
cial hardwaredevicesto accelerat¢herunxtimeanalysisandin this
waywidentherangeof applicabilityof thetechniquesndincrease
potentialspeedups.

2 Preliminaries

A loop canbeexecutedn fully parallelform, without synchro-
nization, if andonly if the desiredoutcomeof the loop doesnot
dependn ary way upontheexecutionorderingof thedataaccesses
fromdifferentiterations.In orderto determinevhetheror nottheex-
ecutionorderof the dataaccesseaffectsthe semanticof theloop,
the datadependenerelationsbetweenthe statementsén the loop
bodymustbe analyzed6, 18, 25, 36, 39]. Therearethreepossible
typesof dependencebetweertwo statementshataccesshesame
memorylocation: ow (readafterwrite), anti (write afterread),and
output(write afterwrite). Flow dependencgexpressafundamental
relationshipboutthedata ow in theprogram.Anti andoutputde-
pendenceslsoknownasmemory+relatedependenes,arecaused
by thereuseof memory e.g.,programvariables.

If thereare o w dependencedsetweeraccessem differentiter-
ationsof aloop, thenthesemanticef theloop cannobeguaranteed
if theloop is executedin fully parallelform. For example theiter-
ationsof theloopin Fig. 1(a) mustbeexecutedn orderof iteration
numberbecauseéteration needsthe value thatis produced
in iteration , for In principle, if thereareno ow
dependenesbetweertheiterationsof aloop, thentheloop maybe
executedn fully parallelform. Thesimplestsituationoccurswhen
thereareno anti, output,or ow dependencedn this caseall the
iterationsof the loop areindependenandthe loop, asis, canbe
executedasadoall (i.e.,afully parallelexecution). If thereare
no ow dependencg but thereareantior outputdependencgthen
theloopmustbemodi®edo remore all thesedependenceseforeit



doi=1,n doi=1,n/2 do i=1,n

A(K(D) = A(K(D) + AK(i-1)) S1:  tmp = A(2%) doj=1,m

if  (A(K(i)) .eq. .true.) then A(2*) = A(2%i-1) S1: A() = A() + exp()

................. S22 A(2*-1) =tmp enddo

endif enddo enddo

enddo
(a) (b) ()
Figurel:

canbe executedn parallel. Not all suchsituationscanbe handled
ef®ciently In orderto remove certaintypesof dependenceand
executethe loop asa doall , two importantand effective trans-
formationscanbe appliedto the loop: privatizationandreduction
parallelization

Privatizationcreatesfor eachprocessocooperatingntheexe-
cutionof theloop, privatecopiesof the programvariableshatgive
rise to anti or outputdependenes(see,e.g.,[10, 21, 22, 32, 33)).
The loop shavn in Fig. 1(b), is an exampleof a loop that canbe
executedin parallel by using privatization; the anti dependenes
betweenstatemenB2 of iteration andstatemenS1 of iteration

, for , canberemaved by privatizingthe tempo-

rary variabletmp. In this paper the following criterionis usedto
determinewvhethera variablemay be privatized.

Privatization Criterion: Let
thatis referencedn aloop

every readaccesso anelemenbf
to thatsameelemenbf

beasharechrray(or arraysection)
canbe privatizedif andonly if

is precededy awrite access
within the sameiterationof

In generaldependencethataregeneratedby accesse® variables
thatareonly usedasworkspacée.g. temporaryariableswithinan
iterationcanbeeliminatedby privatizingtheworkspace However,
accordingto the above criterion, if a sharedvariableis initialized
by readinga value that is computedoutsidethe loop, then that
variablecannotbe privatized. Suchvariablescouldbe privatizedif
a copytinmechanisnfor the externalvalueis provided. The last
valueassignmenproblemis the conceptuahnalogof the copy+in
problem. If a privatizedvariableis live aftertheterminationof 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 out of privatevariablesoccursinfrequentlyin practice.

Reductionparallelization is anotherimportant techniquefor
transformingcertaintypesof datadependentoopsfor concurrent
execution.

De®nition: A reductiorvariableis avariablewhosevalueisusedn
oneassociatieandcommutatve operatiorof theform
where

occurin

istheassociatteandcommutatve operatoland doesnot
or arywhereelsein theloop.

Reductiorvariablesarethereforeaccesseth acertainspeci®gat-
tern(whichleadsto acharacteristidatadependenegraph).A sim-
ple but typical exampleof areductionis statemeng§1 in Fig. 1(c).
Theoperator is exempli®edythe operatortheaccespattern
of array is read,modify write, andthefunction performedoy
theloop is to adda value computedn eachiterationto the value
storedn . Thistypeof reductionis sometimesalledanupdate
andoccursquitefrequentlyin programs.

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

is contingentonly on theaccesgatternandnoton the operations.)
Parallel methodsare known for performingreductionoperations.
Onetypical methodis to transformthedo loopinto adoall and
encloseheaccesso thereductionvariablein anunorderedritical
section14, 39). Drawbacksof thismethodarethatit is notscalable
andrequiressynchronizations/hich canbevery expensvein large
multiprocessosystems. A scalablemethodcan be obtainedby
notingthatareductionoperationis anassociatre andcommutatve
recurrencendcanthusbe parallelizedusinga recursve doubling
algorithm[16, 17, 19]. In this casethe reductionvariableis priva-
tizedin thetransformedioall , andthe®nalresultof thereduction
operatioris computedn aninterprocessoreductionphasefollow-
ing the doall , i.e., a scalaris producedusingthe partial results
computedn eachprocessoasoperanddor a reductionoperation
(with the sameoperator)acrosgheprocessorsThus,thedif®culty
encounteredy compilersin parallelizing loops with reductions
arisesnot from ®ndinga parallelalgorithmbut from recognizing
the reductionstatements So far this problemhasbeenhandledat
compilettimeby syntacticallypatternmatchingtheloop statements
with atemplateof a genericreduction,andthenperforminga data
dependeneanalysif thevariableunderscrutiry to guarante¢hat
it is not usedarnywhereelsein the loop exceptin the reduction
statemenf39].

3 SpeculativeParallel Execution of do Loops

Considera do loop for which the compiler cannotstatically
determinghe accespatternof a sharedarray thatis referenced
intheloop. Insteadf generatingpessimisticsequentiatodewhen
it cannotunequvocally decidewhetherthe loop is parallel, the
compilercoulddecideto speculativelyxecutetheloopasadoall
andproducecodeto determineat runttimewhetherthe loop was
in fact fully parallel. In addition,if it is suspectedhat somedata
dependenescould be remaoved by privatizationand/orreduction
parallelizationthe compilermay further speculatiely apply these
transformationf orderto increasehechanceshattheloop canbe
executedasadoall . If thesubsequenunttimetest®ndghatthe
loopwasnotfully parallel,thenit will beretexecutedsequentially
In orderto speculatiely parallelizeado loopasoutlinedabosewe
needthefollowing:

A mechanismof saving/restoringstate: to save the original
valuesof the programvariablesfor the possiblesequentiale-
executionof theloop.

An error (hazard)detectionmethod: to testthe validity of the
speculatie parallelexecution.

An automatablestratgy: to decidewhento usespeculatie
parallelexecution.

Saving/Restoring State. Thereareseveralwaysto maintainback-
upsof theprogramvariableghatmaybealteredby the speculatie



parallelexecution.|f theresource¢timeandspaceheededo create
a backupcopy are not too big, thena practicalsolutionis check-
pointing prior to the speculatie execution. It might be possibleto

reducethis costby identifying and checkpointinga point of mini-

mumstatein theprogranprior to the speculatie parallelexecution.
A moreattractive solutionis to privatizeall sharedvariablescopy+
in (ondemand)ary neededxternalvalues,andcopy+outary live

valuesif thetestpassestherebycommittingthe resultscomputed
by thedoall loop. This methodcould alsoyield betterdatalo-

cality andreducethenumberof messagel3etweerprocessorée.g.,
it would generatdesscohereng traf®cin a cachecoherentdis-

tributedsharedtmemonyachine) Notethatprivatizedarraysneed
not be backedup becausehe original versionof the arraywill not

be alteredduringthe parallelexecution.

Hazard Detection. Thereareessentiallytwo typesof errors(haz-
ards)thatcould occurduringthe speculatie parallelexecution: (i)
exceptionsand (ii) the presencef crossziteratiomlependencgin
theloop. A simpleway to dealwith exceptionsis to treatthemas
aninvalid parallelexecution,i.e., if anexceptionoccurs,abandon
the parallel execution,clear the exception ag, restorethe values
of ary alteredprogramvariablesandexecutetheloop sequentially
Below, we presentechniqueshatcanbeusedo detecthepresence
of crosstiteratiordependencgin the loop andto testthe validity
of ary privatizationand/oreductionparallelizatiortransformations
thatwereapplied.

An Automatable Strategy. The main factorsthat the compiler
shouldconsidemwhendecidingwhetherto speculatiely parallelize
a loop are: the probability thatthe loop is a doall , the speedup
obtainedf theloopisadoall , andtheslovdown incurredif the
loop is not a doall For example,the compiler might baseits
decisionon a ratio of the estimatedunztimecostof anerroneous
parallel executionto the estimatedrunttime cost of a sequential
execution. If thisratio is small,thensigni®canperformanceyains
would resultfrom a successfulvalid) parallelizationof the loop,
at the risk of increasingthe sequentialexecutiontime by only a
smallamount. In orderto performa cost/bene®analysisandto
predictthe parallelismof the loop, the compilershouldusestatic
analysisand runttimestatistics(collectedon previous executions
of theloop or from differentcodes);in addition, directives about
the parallelismof the loop might prove useful. In Section4.1
a complity analysisof our runttimetestsis presentedhat can
be usedto statically predictthe minimum obtainablespeedupand
the maximumpotentialslovdown for aloop parallelizedusingour
techniques.

3.1 Runztime data dependencenalysis

In this sectionwe describean ef®cientrunttimetechniquethat
canbe usedto detectthe presencef crossziteratiomlependenes
in aloop thathasbeenspeculatiely executedin parallel. If there
are ary suchdependence then this testwill not identify them,
it will only "ag their existence. We note that the testneedonly
be appliedto thosescalarsand arraysthat cannotbe analyzedat
compilettime.In addition,if ary sharedvariableswereprivatized
for the speculatie parallelexecution,thenthis testcandetermine
whetherthosevariableswverein factvalidly privatized.

An importantsourceof ambiguitythatcannotbe analyzedstati-
cally andpotentiallygeneratesverly conserative datadependence
modelsis therunttimeequivalentof deadcode A simpleexample
is whena loop ®rstreadsa sharedarray elementinto a local vari-

ablebut thenonly conditionallyusest in the computatiorof other
sharedrariables.If theconsumptiorof thereadvaluedoesnotma-
terializeatrunttime thenthereadaccesslid notin factcontritute
to thedata ow of the loop andthereforecould not have causech
dependene. Sincepredicateseldomcanbe evaluatedstatically
thecompilermustbeconsenrativeandconcludehatthereadaccess
causes dependencen every iterationof the loop. Thetestgiven
hereimprovesuponthePrivatizingdoall testdescribedn [26] by
checkingonly the dynamicdatadependenescausedy the actual
crossziterationow of valuesstoredin the sharedarrays. This is
accomplishedusing a techniquewe call dynamicdeadreferene
eliminationwhichis explainedin detailfollowing thedescriptiorof
thetest.

The mostgeneralversionof the test,asappliedto a privatized
sharedarray , is given below, i.e., it testsfor all typesof de-
pendencesand also whetherthe array is indeedprivatizable. If
someof theseconditionsdo not needto be veri®ed, thenthe test
canbesimpli®edn a straightforwardnannere.g.,if thearraywas
not privatizedfor the speculatre parallelexecution,thenall steps
pertainingto the privatizationcheckareomitted.

The Lazy (valuexbasedpPrivatizing doall Test(LPD Test)

1. Marking Phase (Performedduring the speculatie parallel
execution of the loop.) For eachsharedarray whose
dependenescannotedetermineditcompiletime,wedeclareread
andwrite shadev arrays, and , respectiely. In
addition,we declarea shadav array thatwill beusedto
“ag arrayelementghat cannotbe validly privatized. Initially, the
testassumethatall arrayelementsreprivatizable andif it is found
in ary iterationthatthe value of an elementis used(read)before
it is rede®nedwritten), thenit will be markedasnot privatizable.
Theshadav arrays , and areinitialized to zero.
Duringeachiterationof theloop, all de®nition®r useof thevalues
storedin thesharedarray areprocessed:

(a) De®nitiongdonewhenthevalueis written): settheelemenin
correspondingdo the arrayelementthat is modi®ed(writ-
ten).

(b) Uses(donewhenthe valuethatwasreadis used):if thisarray
elementis nevermodi®edwritten)in thisiteration,thensetthe
correspondingelementin . If thevaluestoredin this array
elementhasnot beenwritten in this iteration beforethis use

(readaccess)thensetthe correspondinglementin , e,
markit asnot privatizable.
(c) Countthetotal numberof write accesset thataremarked

in this iteration,and storethe resultin
iterationnumber

, where isthe

2. AnalysisPhase (Performedafterthe speculatre parallelexecu-
tion.) For eachsharedarray underscrutiry:

(@) Compute(i) , i.e., the total numberof
de®nitions(writes) that were markedby all iterationsin the

loop, and(ii) , i.e., thetotal number
of marksin
(b) If , l.e.,if the markedareasarecommon

anywhee, thenthe loop is nota doall andthe phaseends.
(Sincewe de®ndwrite) anduse(read,but donotde®neyalues
storedatthesamdocationin differentiterationsthereis atleast
one ow or antidependence.)

returnsthe®OR?° of its vectoroperandselementsi.e.,



(c) Elseif , thenthe loop is a doall  (without
privatizingthearray ). (Sincewe neveroverwriteany memory
location,thereareno outputdependenes)

(d) Elseif ,thenthearray isnotprivatizable.
Thus,theloop, asexecutedjs notadoall andthephaseends.
(Thereis atleastoneiterationin whichsomeelemenof was
used(read)beforeit wasbeenmodi®edwritten).)

(e) Otherwisetheloopwasmadeinto adoall by privatizingthe
sharedarray . (We remorve all memory+relatedependenes
by privatizingthis array)

Dynamic deadreferenceelimination. We now describehow the
marking of the readand private shadev arrays, and , can
be postponedintil the valueof the sharedvariableis actuallyused
(Step1(b)). More formally, the referencesve wantto identify are
de®nedsfollows.

De®nition: A dynamicdeadreadreferene is a readaccesf a
sharedvariablethatboth

(a) doesnot contributeto the computatiorof ary othersharedvari-
able,and

(b) doesnot control(predicatethe referenceso othersharedvari-
ables.

Thevalueobtainedthrougha dynamicdeadreaddoesnot con-
tribute to the data ow of the loop. Ideally, suchaccesseshould
notintroducefalsedependencgn eitherthe staticor the runttime
dependencanalysis. If it is possibleto determinethe deadrefer
encesatcompiletime thenwe canjustignorethemin ouranalysis.
Sincethis is generallynot possible(control ow could be input
dependentihe compiler shouldidentify the referenceghat have
the potentialto be unusedandinsertcodeto solve this problemat
runttime. In Fig. 3.1 we give anexamplewherethe compilercan
identify sucha situationby following the deftusechain built by
usingarraynamesonly. To avoid introducingfalsedependences
the markingof the readshadav arrayis postponedintil the value
thatis readinto theloop spaceds indeedusedin the computatiorof
othersharedvariables.In essenceve areconcernedvith the ow
of the valuesstoredratherthanwith their storage(addresses)We
notethatif the searchfor the actualuseof a readvalue becomes
toocomplex thenit canbestoppedyracefullyat acertaindepthand
a consenative markingof the shadav arraycanbeinserted(on all
the pathsleadingto a possibleuse).

As canbe obsenedfrom the examplein Fig. 3.1, this method
allows the LPD testto qualify more loopsfor parallel execution
thenwould be otherwisepossibleby just inspectingthe memory
referenceasin theoriginalPDtest[26]. In particularaftermarking
andcountingwe obtaintheresultsdepictedn thetables.Theloop
fails the PD testsince is notzeroeverywhere(Step
2(b)). However,thelooppassetheLPDteg as iszero
everywhereput only afterprivatization since and

is zeroeverywhere.

Private shadowstructures. The LPD testcantake advantageof
theprocessorgdrivatememoriey usingprivateshadev structures
for the marking phaseof the test. Then, at the conclusionof the
privatemarkingphasethe contentf theprivateshadav structures
aremeigedinto the global shadav structures.Note that sincethe
orderof the writes (marks)to an elementof the shadav structure
is not important,all processorgan transfertheir private shadav
structurego the global structurewithout synchronization.In fact,
usingprivateshadaev structuresenablesomeadditionaloptimiza-
tion of the LPD testasfollows. Sincethe shadav structuresare

privateto eachprocessarthe iterationnumbercanbe usedasthe
amark? In thisway, norezinitializationof theshadav structuress
requiredbetweersuccessieiterations andcheckssuchas®hasthis
elementbeenwritten in this iteration?° simply requirechecking
if the correspondingelementin is markedwith the iteration
number Anotherbene®bf the iteration numberdmarks® is that
they candoubleastimetstampswhich areneededor performing
thelastt\alueassignmento ary sharedvariableshatarelive after
looptermination.

A processotwiseversion of the LPD test. The LPD Testdeter
mineswhetheraloop hasary crossdteration datadependencedt
turnsoutthatessentiallfhesamanehodcanbeusedtotestwhether
theloop, asexecuted hasary crossprocesor datadependences
The only differenceis that all checksin the testrefer to proces-
sorsratherthanto iterationsj.e., replacefiteration® by @processor®
in the descriptionof the LPD test so that all iterationsassigned
to a processoare consideredasonesupetiteration®by the test.
Notethata loop thatis not fully parallelcould potentiallypassthe
processatwiseversionof the LPD testbecauselatadependence
amongiterationsassignedo the sameprocessowill not be de-
tected. This is acceptabldeven desirable)aslong eachprocessor
executedts assignedterationsin increasingorder

3.2 Runztimereduction parallelization

As mentionedin Section2, there are two tasksrequiredfor
reductionparallelization: recognizingthe reductionvariable,and
parallelizingthereductionoperation.Of thesewe focusour atten-
tion ontheformersince,aspreviously noted techniquesireknown
for performingreductionoperationsn parallel. Sofar the problem
of reductionvariablerecognitionhasbeenhandledat compilettime
by syntacticallypatternmatchingthe loop statementsvith a tem-
plateof ageneriaeduction andthenperforminga datadependene
analysisof the variableunderscrutiry to validateit asa reduction
variable[39]. Therearetwo major shortcomingf suchpattern
matchingidenti®cationmethods.

1. Thedatadependeneanalysisnecessaryo qualify a statement
asareductioncannotbe performedstaticallyin thepresencef
inputtdependerdccespatterns.

2. Syntacticpatternmatchingcannotidentify all potentialreduc-
tion variableqe.g.,in thepresencef subscriptegubscripts).

Below we show how eachof thesetwo dif®cultiescanbe overcome
with acombinatiorof staticandrunttimemethods.

3.2.1 ThelLRPD test: extendingthe LPD testfor reduc-
tion validation

In this sectionwe considettheproblemof verifying thata statement
is areductionusingrunttimedatadependencanalysis.The poten-
tial reductionstatements assumedo syntacticallypatternmatch
thegenericreductiontemplate ; reductionstatements
that do not meetthis criterion aretreatedin the next section. To
verify thatsucha statemenis areductionwe needto checkthatthe
reductionvariable satis®eshe de®nitiongivenin Section2, i.e.,
that is only accesseth thereductionstatementandthatit does
notappeain

Ourbasicstratgy is to extendtheLPD testto checkall statically
urveri®ablereductionconditions. We ®rstconsiderhow the test

This factwasnotedby SantostAbraham[].



doi=1,5 doi=1,5 doi=1,5
z = A(K(i) markread(K(i)) z = AK(D)
if (Bl(!) .eg. .true;.) then z = A(K() if (B1(i) .eq. .true.) then
AL(D) =z +C() if (BL(i) .eq. .true.) then markread(K(i))
. markwrite(L(i)) markwrite(L(i))
enddo Ay — : . .
B1(1:5)=(10101) A(L() =z +C() A(L(D)) = z +C(i)
K(1:5)= (12341) endif endif
L(1:55)=(22442) enddo enddo
@) (b) ©
original shadov arrays new shadov arrays
PDtest 1123 4 LPD test 11234
oO(1|]0]|1 3 2 01|01 3 2
11111 11010
11111 11010
oO(1|]0]|1 o|(0|0]|O0
0O(1|]0]|1 o|(0|0]|O0
(d) (e)

Figure 2: Thetransformatiorof a do loop (a), usingthe original versionof the PD test (b), andthe lazy version(c). The markwrite
) accordingo thecriteriagivenin Stepl(a)(1(b)) of theLPD test. Sincedynamic

operatiommarkstheindicatedelemenin theshadevarray ( and

(markread )

deadreadreferencesirenot markedn the LPD test,the arrayA fails the PD testandpasseshe LPD test,asshavn in (d) and(e), respectiely.

would be augmentedo checkonly that the reductionvariableis
not accessedutsidethe singlereductionstatement.This situation
could ariseif the reductionvariableis an array elementaccessed
throughsubscriptedubscriptandthe subscripexpressiongrenot
staticallyanalyzable. For example,althoughstatemenS3 in the
loopin Fig. 3(a)matchesa reductionstatementit is still necessary
to provethattheelement®f arrayAreferencedh S1 andS2 donot
overlapwiththoseaccesedin satemeng3,i.e.,that:
and , for all Thus, the LRPD test
must checkat runttimethat thereis no intersectionbetweenthe
referencesn S3 andthosein S1 and/orS2; in additionit will be
usedto prove, asbefore,thatary crossziteratiordependencgin
S1 andS2 areremoved by privatization. To testthis new condition
we useanothershadaev array to "ag the array elementshat
arenot valid reductionvariables. Initially, all array elementsare
assumedo be valid reductionvariables,i.e., . In
the marking phaseof thetest,i.e., during the speculatie parallel
executionof the loop, ary array elementde®nedr usedoutside
the reductionstatements invalidatedas a reductionvariable,i.e.,
its correspondingelementin is setto true. As before,after
the speculatie parallelexecution,the analysisphaseof the testis
performed. An elementof is a valid reductionvariableif and
only if it wasnot invalidatedduringthe markingphasej.e., it was
notmarkedn asnotareductiorvariablefor ary iteration. The
othershadav arrays , and areinitialized, marked,and
interpretedust asbefore.

The LRPD test can also solve the casewhen the exp part of
the RHS of thereductionstatementontainseferenceso thearray

that are differentfrom the patternmatched_HS and cannotbe
staticallyanalyzed.To validatesucha statemenasa reductionwe
mustshow thatno referencen exp overlapswith thoseof the LHS.
Thisis doneduringthemarkingphaseby settinganelemenbf
to trueif thecorrespondinglementof is referencedn exp.

In summarythe LRPD testis obtainedby modifying the LPD
test. Thefollowing stepis addedo the Marking Phase

1(a) De®nitionsanduses:if areferencego is notoneof thetwo
known referencego the reductionvariable(i.e., it is outside
the reductionstatemenbr it is containedn exp), thensetthe
correspondingelementof to true (to indicate that the

elementis notareductionvariable).(SeeFig. 3(a)and(b).)

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

2(a) Elseif , thensomeelement
of  written in the loop is neithera reductionvariablenor
privatizable. Thus, the loop, as executed,is not a doall
andthephaseends.(Thereexistiterationgperhapsifferent)
in which anelementof is notareductionvariable,andin
whichit is used(read)andsubsequentlynodi®ed.)

2(b) Otherwisetheloopwasmadeintoadoall by parallelizing
reductionoperationandprivatizingthe sharedarray . (All
datadependenceareremoved by theseransformations.)

If the analysisphasevalidates(passesjhe speculatie parallel
executionof the loop, then, asbefore,the lastt\alueassignments
are performedfor ary live sharedvariables,and the scalarresult
of eachreductionis computedusingthe processorspartialresults
in a reductionacrossthe processors.(SeeFig. 7.) (If reductions
areimplementedy placingthe reductionstatementén unordered
critical sectionsthenthis laststepis notnecessary

Multiple potential reduction statements. A more complicated
situationis whentheloop containsseveralreductiorstatementthat
referto the samearray In this casethe type of the reduction
operatiorperformedon eachelementmustbethe samethroughout
theloop execution,e.g.,avariablecannotparticipatein bothamul-
tiplicative andanadditive reductionsincethe resultingoperatioris
notcommutatve andassociatie andis thereforenot parallelizable.
Thesolutionto this problemis to markthe shadav array with
thereductiontype. Whenevera referencen areductionstatement
is marked the currentreductiontype (e.g.,summationmultiplica-
tion) is checkedwith with previousone. If they arenotthe same,
thecorrespondinghadaev elemeniof is setto true.

In Fig 3(c)and(d), we shon how aloop containingwo potential
reductionstatementsvith differentoperatorsand an exp operand
thatcontaingeferenceso thearrayundertestcanbetransformedo
performarunttimedependeneandreductiortest. Thesubsequent
analysisf theshadav arrayswill detectwhichelementwereused
in a reductionand which are privatizableor readtonly If ary



S1:
S2:

doi=1,n
S1: AK(@) = .......
S22 e = A(L(i) @
S3:  A(R(®)) = AR()) + exp()
enddo
doall i=1,n
markwrite(K(i))
markredux(K(i))
S1: AK(@)) = .......
markread(L(i)) (b) S1:
markredux(L(i))
S2: = A(L())
markwrite(R(i))
S3: A(R()) = A(R(i)) + exp()
enddoall

S2:

Figure 3: Thetransformatiorof the do loopsin (a) and(c) is shavn in (b) and(d), respectiely. The markwrite
) accordingo the criteriagivenin Stepl(a)(1(b)) of the LPD test. Themarkredux operationsets

indicatedelementn theshadov array ( and

doi=1,n

A(S(1)) = A(S(1)) + exp(X(i)) (©
A(R(D) = A(R(D) + exp()
enddo

A_nx(:) = .false.
doall i=1,n
markwrite(R(i))
if (A_nx(R(i)) .ne. .true.) then
if (A_nx(R()) .ne. *) markredux(R(i))
else
A_nx(R@i)) =™
endif
markread(X(i))
markredux(X(i)) (d)
AR(®) = AR(D) + exp(ACX(i)))
markwrite(S(i))
if (A_nx(S()) .ne. .true.) then
if (A_nx(S(i)) .ne. '+) markredux(S(i))

else
A_nx(S(@)) ="'+
endif
A(S() = A(S(®)) + exp()
enddoall

(markread ) operationmarksthe

theshadav arrayelementof A_nx to true. In (d), thetypeof thereductionis testedby storingthe operatorin A_nx.

elementis found not to belongto one of thesecataories, then
the speculatie parallelizationwas incorrectand a sequentiakex
executionmustbeinitiated.

Asa®nakemarkwenotethatamoreaggressieimplementation
could promotethe type of a reductionat runttime: if a memory
elemenis®rsinvolvedina'+' reductiorandthenswitchesovertoa
*' reductionrandstayghatway for all theremaningreferenesthen
thespeculatie parallelexecutioncanstill yield valid partialresults
oneachprocessarlt isimportantto remembethatareductiontype
canbe promotedn only onedirection(it cannotbe demotedback
to its initial type) and only onceper loop invocation. Of course,
thereductionacrosgprocessorsnustre ect the reductionoperator
promotion.

3.2.2 Static reductionrecognitionand runttime check

As mentionedat the beginning of this section, syntacticpattern
matchings notasu®cientlypowerful methodo detec all thevalues
thatare@subject®to a reductionoperation.In particular syntactic
patternmatchingwill fail to identify a reductionwheneverall the
reference®n the RHS of theassignmentlook different°from the
referencenthelLHS. Thus,if astatemenis in factareduction put
thereferencesntheLHS ard/ortheRHSareindirect thensyntactic
patternmatchingwill fail. This situationcouldarisenaturally e.g.,
throughtheuseof temporaryariablesor subscriptedubscriptsin

the lattercasejt canonly be determinecht runttimeif ary of the
arrayelementsarereductionvariables.

In the following we shav thata combinationof staticandrun+
time techniquescanbe usedto successfullyidentify several types
of potentialreductionsthat could not be recognizedwith pattern
matchingechniquesThegeneraktratgy is to speculatehatevery
assignmento the array of interestis a potentialreduction,unless
provenotherwisestaticallyor by otherheuristics.At runtimethis
assumptioms thenvalidatecbrinvalidatedbnanelemenby element
basis.

Singlestatementreductionrecognition

We ®rstconsidera singlestatemenin which the referencesn the
RHS are eitherdependenbn the array  (alsoreferencedn the
LHS) orareto valueknownto beindependentf , e.g.,constants,
loopinvariantsor distinctglobalvariables.
The simplestcaseis whenthe RHS containsexactly onerefer
enceto . Considerthe potentialreductionstatement
If , for somevaluesof , thenthe
probability that the surroundingloop is parallelis increased. In
this case the solutionis simply to checkthis equality conditionat
runttime,andmarktheshadav array accordingly
The situation is a bit more comple« when the RHS con-
tains multiple referencego the array . Considerthe statement
This state-
mentis a reductionif andonly if for exactly one
valueof (seeSection2). As the operationis commutatve and
associatre, we cannotdiscountthe possibility of a reduction. In
this example,we mustcheckfor equalitybetween andevery
, . If thisequalityconditionis notmetexactlyonce,
then is setto true (to indicateit wasnot a reduction).
We notethata moreaggressie stratgy could betakenwhenthere
aremultiplereferenceso ontheRHS:promotethe ™+ re-
ductionto a™*' reduction.However, asmentionedn Section3.2.1,
the reductiontype canonly be promotedoncein the entireloop.
Fig. 4 shows the codegeneratedor runttimevalidationwhenthe
RHS containsmultiple referencego . In theinterestof clarity,
reductiontype promotionis not shown.

Multiple statementreductionrecognition: ExpandedRe-
duction Statements

We now relaxall restrictionson theRHS andallow in it variables
thatareneitherexplicit functionsof thearrayappearingpntheLHS
norexplicit loopinvariants.Ourgoalisto uncoverary possibldink
betweernthe LHS andthe RHS, if indeedoneexists. The general



doi=1,n
S1: AK®) = .......
S2: = A(L( (a)
S3: A(S(i)) = A(R(D)) + A(T(i)) + ACX(0))

enddo

function checkequal(x, y, ct)
if (x.ne.y)then

markredux(x)
else
ct=ct+1 (b)
endif
return
end

A_nx(:) = .false.
doall i=1,n
private integer count
count=0
markwrite(K(i))
markredux(K(i))
S AK(®) = e
markread(L(i))
markredux(L(i))
S2: = A(L(®)) ©
markread(R(i))
markread(T(i))
markread(X(i))
markwrite(S(i))
checkequal(R(i), S(i), count)
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()) = A(R(D)) + A(T()) + A(X(i)
enddoall

Figure4: Thecodegeneratedor thedo loopin (a)is shovnin (c). In (c), theprocedureén (b) is called. Themark-x operationsaareasdescribedn Fig. 3.

stratgy of our methodsis a fairly straightforwarddemanddriven
forward substitutionof all the variableson the RHS, a processhy
which all control o w dependencgare substitutecdby datadepen-
dencesasdescribedn [2, 33]. Oncethis expressiorof the RHSis
obtainedt canbeanalyzedandvalidatedby the methodslescribed
in the previous section. In thefollowing we explain by way of ex-
amplehow our new methodcanidentify reductionsy performing
in essenca value+basedatherthanadependencebased analysis.

In Fig. 5(a) statemenS3 is ®rstlabeledat compiletime asa
potentialreduction. Then, by following the deftusechainsof the
variableson the RHS (i.e., and ) within the scopeof the loop
we ®ndthatin statemenS1 may potentiallycarry the value of

, while is a constanwith respecto . Thealgorithm
then examinesstatementS3 after forward substitution,but does
not actually replaceS3 in the generatecdtode. The substitution
is doneonly for compiler analysispurposes. This new version
of S3, referredto as S33, is of the form:

. Similarly, S5 becomes

. Next, we labelthe statemenpairs(S1, S3)
and(S1, S5) in theoriginalloop asexpanded-eductionstatements
(ERSs).If we treateachERSasa singlereductionstatementthen
this problemis reducedo onetreatedabove.

The code generatedor the run time marking of the ERS is
insertedor bothsidesof the statemenfRHSandLHS), butonlyin
thesamebasicblockasthe LHS. As wewill seein alaterexample,
this rule insuresthatboth sidesaremarkedwhenandif thereis an
assignmenti.e., it insuresthata valueis actuallypassedrom the
RHSto LHS. Any usesof valuesparticipatingin the reductionthat
occuroutsidetheERSinvalidatetheERS.,i.e.,setthecorresponding
elementof the shadav array to true. In the caseof ERSs
obtainedthroughforward substitution,the value of the reduction
referencanaypasghroughseveralmemorylocationgintermediate
variablesheforereachinghe statemenof the LHS. As ary useof
anintermediatevariablerepresenta useof avaluethatparticipates
in thereduction,it invalidatesthe reductionfor the corresponding
elementof . Theusescanbe obtainedby following the deftuse
chainwithin the scopeof the loop. However, basedon the dead

referenceeliminationprincipledescribedn Section3.1,only those
usesthat contritute to the actualdatat+ av of the loop (whenthe
valueis passedn to a sharedvariableor controlsthe accesgo a
sharedrariable)areprocessedif notall local variablearryingthe
reductionvalue end up beingusedin the global datat owv within

theloop,thenwe have eitherto verify thatthey (thelocal variables)
areindeednot live afterloop exit, or, if thatis not possible make
aconsenative assumptior(i.e., thatall usescontribute to the data

“ow). In Fig.5(a),statemen84 passeshevalueof tothe
localvariable , whichin turn passe# to in S5. Thesame
valueis alsopassedo the sharedvariable in S6. Both

useqin S5 andSe6) should,in principle,invalidate .On

the otherhand,statemens5 is anothemotentialreductionof the

sametypeasin S3 and,thusonly theusein S6 needdo invalidate
. Thetransformedtodeis shovn in Fig. 5(b).

We note that if one of the intermediatevariablesis itself an
arrayelementaddressethdirectly, thenanadditionalrunttimetest
mustbe performed. For example,if S1 andS3 in Fig. 5(a) were
of the form: and

, thenavaluewould be passedrom S1 to S3 only if

. However, if thearray is privatizable,andoccurs
onlyin thesetwo statementghentherunttimetestis notnecessary
i.e.,if , then would be processedvith the
readof in S3, andotherwiseno data o w would occut

Taking control "ow into account. The ®nalsituationwe consider
is whenthe forward substitutionproceduremusttakeinto account
conditionabranchesind carry informationintotheexpresionof the
ERS(seeFig. 6). Theadditionaldif®cultypresentedby this cases
thefactthattheexactform of theRHSis notknown statically What
isknown,however, isthesetof all possibleRHSforms whichcanbe
computedy following all potentialpathsin thecontrol o w graph.
A direct approachusesa gatedstatic single assignmen{GSSA)
[5, 34] representatiorof the program. In sucha representation,
scalavariablesareassigneanly once.At thepointsof con uence
of conditionalbranches functionof the form is
used(in the GSSArepresentatiortp selectoneof thetwo possible
de®nitionsof a variable(  or ), dependingon the boolean



doi=1,n

S1: z = A(K(i))
S2: y = constant
S3: AR@)=z+y
S4: t=z @
S5: AL@) =t+y
S6: if  (exp) B(f(i)) =t
enddo
doall i=1,n
S1: z = A(K(i))
S2: y = constant
markread(K(i))
markwrite(R(i))
if (K(i) .ne. R(i)) then
markredux(K(i))
markredux(R(i))
endif
S3: AR@)=z+y
S4: t=z (b)
markwrite(L(i))
if (K(i) .ne. L(i)) then
markredux(K(i))
markredux(L(i))
endif
S5: AlL{@) =t+y
S6: if (exp) then
markredux(K(i))
B(f(i)) =t
endif
enddoall

Figure5: Thecodegeneratedor thedo loopin (a)is shavnin (b). The
mark-x operationsareasdescribedn Fig. 3.

expression . By proceedindpackwardshroughthedeftuseshains
(whichincludethe functions)it is easyto expandascalatvariable
in termsof booleanexpressionspther scalarvariables,andarray
elements.In the exampleof Fig. 6, thevariable in statemen§9
would be expandedasfollows:

which meanghatthevalueof is:

if istrue

if is true

if is true @
if istrue

This compound equation can then be used to generatea
markread anda markredux operationat statemenS9 where

isread.To save unnecessaryork, we only expandthosescalars
that are on the RHS of assignmentso sharedvariablesor in po-
tentialreductionstatementge.g.,in thecaseof in statemengs8).
All otherscalarreferencesanbe safelyignored. Fig. 6(b) shons
the programin Fig. 6(a) afterthe insertionof the markread and
markredux operationswhich arebasedon the expansionof the
scalarvariables.Thepossibledravbackof this approachs thatthe
numberof potentialreductionsandthenumberof termsin thelogic
expressiongjeneratednay be quitelarge. If this happenswe can
gracefullydegradeto amoreconsenative approachtestonly some
of the expression®f the ERSandinvalidateall therest.

doi=1,n
S1: w = A(M(i))
S2: t= AJ())
S3: if  (B1jhen
S4: z = A(K(i))
else @
S5: z = A(L(i))
endif
S6: if B2)t=z
S7: if (B3)w=t
S8: if  (B4) AR(®)) = A(R()) +z
S9: if  (B5)Y(@)=w
enddo
doall i=1,n
S1: w = A(M(i))
S2: t=AQ())
S3: if  (B1jhen
S4: z = A(K(i))
else
S5: z = A(L(i))
endif (b)
S6: if (B2)t=z
S7: if (B3)w=t
S8: if  (B4hen

markread(B1*K(i) + notB1*L(i))
markredux(B1*K(i) + notB1*L(i))
markwrite(R(i))
AR(D)) = AR() + z
endif
S9: if  (B5)hen
markread(B3*B2*B1*K(i) + B3*B2*notB1*L (i)
+ B3*notB2*J(i) + notB3*M(i))
markredux(B3*B2*B1*K(i) + B3*B2*notB1*L (i)
+ B3*notB2*J(i) + notB3*M(i))
Y(@i)=w
endif
enddoall

Figure 6: The code generatedor the do loop in (a) is shawn in (b).
The mark-x operationsare as describedn Fig. 3. The expressionsn
themarkread andmarkredux operationsreabreviationsofif then
else statementsepresentinghe differentassignmentso z (S8) andw
(S9) asin Equationl. Theoperatorg* ©, 2+° and2not ° representogical
aand?, 2or°, and2complement®peratorsrespectrely.

It is importantto note that the loop in Fig. 6 exempli®eghe
type of loop foundin the SPICE2G@rogram(subroutind OAD)
which can accountfor 70% of the sequentialexecutiontime (lts
vectorizatiorhasdealtwith before[35]).

Finally we mentionthatreductionsuchasmin, max,etc, would
®rsthave to be syntacticallypatternmatched andthensubstituted
by theminandmaxfunctions.Fromthis perspectie, they aremore
dif®cultto recognizehansimplerarithmeticreductions.However,
afterthistransformationpurtechniquesanbeappliedasdescribed
above.

4 Putting it All Together

In the previous sectionave describedunttimetechniqueghat
can be usedfor the speculatie parallelizationof loops. These
techniquesreautomatabl@andagoodcompilercouldeasilyinsert
themin the original code. In this section,we give a brief outline
of how a compilermight proceedwhen presentedvith a do loop
whoseaccespatterncannotbe staticallydetermined.



A. At CompileTime

1. A cost/bene®analysisis performedusingboth staticanalysis
(basedon the asymptoticcompleity of the LPRD testgiven
belowr) andrunttimecollectedstatisticsto determinewhether
theloop shouldbe:

(i) speculatiely executedn parallelusingthe LRPD test,

(i) ®rsttestedor full parallelismandthenexecutedappropri-
ately (usingan inspector/gecutorversionof the LRPD
Test),or

(iii) executedsequentially

. Generat¢hecodeneededor thespeculatie parallelexecution.
A parallelversionof the original loop is augmentedvith the
markread , markwrite andmarkredu x operationdor the
LRPDtest;if necessarto identify reductiorvariablestheloop
is alsoaugmentedasdescribedn Section3.2.2. In addition,
codeis generatedor: theanalysigphaseof the LRPD Test,the
potentialsequentiatexexecutionof theloop,andarny necessary
checkpointing/restoratioof programvariables.

B. AtRuntTme
. Checkpointf necessary.e.,sarethestateof programvariables.

. Executethe parallel version of the loop, which includesthe
markingphaseof thetest.

. Executetheanalysisphaseof thetest,which givesthe pass/fail
resultof thetest.

. If thetestpassedthencomputehe®nalresultsof all reduction
operationqfrom the processorspartial results)and copy+out
the valuesof ary live privatevariables.If thetestfailed, then
restorethevaluesof ary alteredprogramvariablesandexecute
thesequentialersionof theloop.

. Collectstatisticor usein futureruns,and/orfor scheduleeuse
in thisrun.

An example using iteration numbersas 2marks® in private
shadav arraysis shovn in Fig. 7. If the speculatie execution
of the loop passeshe analysisphasethenthe scalarreductionre-
sultsarecomputedy performingareductionacrosghe processors
usingthe processorspartialresults.Otherwisejf thetestfails, the
loopis rexeecutedsequentially

4.1 Complexity of the LRPD test

Thetimerequiredby theLRPDtestis
, Wwhere is thenumberof processors, is thetotaliteration
countof theloop, is the numberof elementsn the sharedarray
and isthe (maximum)numberof accesset® thesharedarrayin a
singleiterationof theloop. We assumehatthe implementatiorof
thetestusesprivateshadav structures The analysisbelow is valid
for all variantsof the LRPD test.

ThemarkingphasgStepl) takes time,i.e.,
proportionalto time. We recordthereadand
write accessesandthe reductionandprivatization ags in private
shadav arraysusingiterationnumber®marks®. In orderto check
whetherfor areadof anelementhereis awrite in thesamateration,
we simply checkthatelemenin theshadav array+ a constantime
operation. All accessesanbe processedh time, since
eachprocessowill beresponsibléor accessedAfter all
accessebave beenmarkedin private storage the private shadav
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arrayscanbememgedinto theglobalshadev arraysin

time; the contritution arisesfrom the possiblewrite conicts

in globalstoragehatcouldbe resolhedusingsoftwareor hardware
combining. The countingin Step2(a) canbe donein parallelby

giving eachprocessor  valuesto addwithin its privatememory

andthensummingthe resultingvaluesin global storagewhich

takes time [19]. The comparisonsn Step2(b)
(2(d)) of with (with and ) take
time.

If the loop passeghe test, thenthe ®nalresultof eachreduc-
tion mustbe computedunlesghereductionwasparallelizedusing
unorderedtritical sectionsandlastvalueassignmentmustbe per
formedfor the live private variables. If the reductionoperation
is parallelizedusingunorderectritical sectionsthenno overhead
is incurred,i.e., the original sequentiateductionoperationandits
transformedbarallelversionrequirethesamenumberof operations
(within asmallconstanfactor). However, if thereductionis paral-
lelizedusingrecursve doubling,thenanoverhead is
incurredwhenthe processorspartial resultsare meigedpairtwise
intothescalareductiorresults.Similarly, theprivatevariableswith
the latesttime stampg(iterationnumber2marks®) canbe selected
for lastvalueassignmernin time

Hash tables. If , thenthe numberof operationsn the
LRPDtestdoesnot scalesinceeachprocessomustalwaysinspect
everyelemenbf its privateshadaev structurevhentransferringt to
theglobalshadaev structure(eventhougheachprocessors respon-
sible for fewer accessess the numberof processorsncreases).
Anotherrelatedissueis that the resourceconsumption(memory)
would not scale. However, if 23shadav® hashtablesareused,then
eachprocessomill only have private shadav copiesof the array
elementsaccessedh iterationsassignedo it, which will increase
thecostperaccesdy asmallconstanfactor Thus,if hashtablesof
size areused,thenthe complity of the markingphase
becomes . Similarly, usinghashtablestheanalysis
phaseandary neededastvalueassignmentand/orprocessatwise
reductionoperationganbe performedn time

5 Experimental Results

In this sectionwe presenexperimentakesultsobtainedon two
modestlyparallelmachineswith 8 (Alliant FX/80[3]) and14 pro-
cessorgAlliant FX/2800[4]) usingaFortranimplementatiorof our
run-timelibrary. Thecodeshave beenmanuallyinstrumentedvith
callsto therun-timelibrary. However, we remarkthat our results
scalewith thenumberof processorandthe datasizeandthusthey
shouldbe extrapolatedfor massvely parallel processorgMPPSs),
theactualtagetof our runttimemethods.

We considerederendo loopsfrom thePERFECTBenchmarks
[7] that could not be parallelizedby ary compileravailableto us.
Our resultsare summarizedn Table 1. For eachloop, we note
thetypeof testapplied:doall indicatescrossziteratiodependence
werecheckedLazy Doall (LD) test),privat indicatesprivatization
wascheckedLPD test),reductindicatesreductionparallelization
waschecked(LRD test). For eachmethodappliedto a loop, we
givethespeeduphatwasobtainedandthe potentialslovdown that
would havebeenincurredif, after applyingthe method,the loop
hadto beretexecutedsequentiallyIf theinspector/gecutorversion
of the LRPD testwasapplied,the computationperformedby the
inspectoiis shovn in thetable: the notationprivatizationindicates



c Marking Phase C Analysis Phase
dimension A(m), pA(m,procs) doall i=1,n
dimension  A_w(m), pA_w(m,procs) A_w(1:m) = pA_w(1:m,i)
dimension  A_r(m), pA_r(m,procs) A_r(1:m) = pA_r(1:m,i)
dimension  A_nx(m), pA_nx(m,procs) A_nx(1:m) = pA_nx(1:m,i)
o Initialize(pA, pA_w, pA_r, pA_nx) enddoall
C original loop doall i=1,n result = test(A_w, A_r, A_nx)
dimension  A(1:m) private p if (result .eq. passhen
do i=1, n , p = get_proc_id() C compute reduction
SL: A(R(D) = AR() + exp() pA_W(R(), p) =i doall i=1, m
S2: =A(L() S1: PA(R(), p) = pPA(R(i), p) + exp() if (A_nx(i) .eq. .false.)
enddo it (PA_W(L(), p) .ne. i) A(l) = sum(pA(i, 1:procs))
PA_I(L(), p) =i enddoall
@ PA_nx(L(i), p) = .true. else
S2: = pA(L(i), p) C execute the loop sequentially
enddoall endif

©

Figure?: Thesimpli®edcodegeneratedor thedo loopin (a) is shavnin (b) and(c). Privatizationis nottestedbecaus®f areadbeforea write reference

theinspectorveri®edhatthesharedarraywasprivatizableandthen
dynamicallyprivatizedthe arrayfor the parallelexecution,branch

predicateand subscriptarray meanthat the inspectorcomputed
thesevaluesandreplicatedoopmeanghattheinspectomaswork+

equivalentto theoriginalloop.

In additionto the summaryof resultsgivenin Tablel, we shav
in Figures8 through 14 the speedupandthe potential slowdown
measuredor eachloop asa function of the numberof processors
used. For referencethesegraphsshon the ideal speedupyhich
was calculatedusing an optimally parallelized(by hand)version
of theloop. The potentialslondown reportedis the percentagef
the executiontime that would be paid as a penaltyif the testhad
failed,andtheloop wasthenexecutedsequentially In casesvhere
extractionof a reducednspectodoop wasimpracticalbecausef
comple control ow and/orinter-proceduraproblems,we only
appliedthe speculatie methods.

Wheneernecessarin thespeculatieexecutionsye performed
a simple preventive backupof the variablespotentially written in
the loop. In somecases,the costof saszing/restoringmight be
signi®cantlyreducedby using anotherstratgy. In orderfor our
methoddo scalewith thenumberof processorgheshadav arrays
mustbe distributedover the processospaceratherthanreplicated
on eachprocesso(Section4.1). For this purposewe tried using
hashtables. Sincewe hadat most14 processorgthe extra costof
the hashaccessedominatedhe bene®bf reducingthe size of the
shadav arrays. This was particularlytrue for the loopsfrom the
OCEANandTRFDBenchmarksHowever, onalargermachineve
wouldexpecttheuseof hashtablesto payoff. Dueto this problem,
theresultsreporteddonotre ect theuseof hashtables.

Thegraphsshaw thatin mostcaseshe speedupscalewith the
numberof processorandarea very signi®canpercentagef the
ideal speedup.Whenthey do not scale,as mentionedabove, we
believe thattheuseof hashtables(for MPPs)will preserethescal-
ability of ourmethods We notethatwith theexceptionof the TRFD
loop (Fig. 10), thespeculatie stratgy givessuperiorspeedupser
sustheinspector/gecutormethod. For both methodshe potential
slowdown is small,anddecreaseasthe numberof processorin-
creases. As expected,the potentialslovdown is smallerfor the
inspector/gecutormethod.

We now makea few remarksaboutindividual loopsfor which
Tablel doesnotgive completenformation.

The loop from TRACK is parallel for only 90% of its invo-
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cations. In the caseswvhenthe testfailed, we restoredstate,and
rexexecutedthe loop sequentially The speedupeportedincludes
boththe parallelandsequentiainstantiationgFig. 11).

Loop 40 from SPICEis representate of the type of the loop
containedn the LOAD subroutinewhich accountdor 70%of the
sequentiakexecutiontime. Sinceall the arraysare equivalenced
to a globalwork array all accessem the loop wereshadavedin
the LRD test, i.e., eacharray elementwas proven to be eithera
reductionvariable read+onlyorindependenfi.e.,accesseth only
oneiteration). For this loop we usedan inspector/gecutorversion
of the LRD test(insteadof a speculatie parallelization)because
of comple« memorymanagemenproblemsfor the shadav arrays
in the presencef highly irregular andsparseaccesgatterns.The
ideal speedumf loop 40 is not very large sincethe loop is small,
imbalancedbetweeniterations, and traversesa linked list. The
linkedlist traversalwasparallelizedusingtechniquesve developed
for automaticallyparallelizingwhile loops[27]. Thus,although
the obtainedspeedups modest,t represents signi®canfraction
of theideal speeduseeFig. 14). Thereforesinceloop 40is one
of thesmallestoopsin the LOAD subroutinewe expectto obtain
betterspeedup®n the larger loops (sincethey have larger ideal
speedupk In thecameraztreadyersionof thepaperwewill report
thespeedupsbtainedon all loopsin subroutind OAD.

The speedup®btainedfor the loops from both OCEAN and
TRFD aremodestbecausehey arekernels.In the caseof theloop
from TRFD we were ableto reusethe scheduleandimprove our
resultssigni®cantlyBecaus®f thelargedatasetaccessedheloop
from TRFD s theonly casein which speculatie executionproved
to beinferior to the inspector/gecutormethod(saving statewasa
signi®canportionof the executiontime).

6 Conclusion

In this paperwe have approachedhe problemof parallelizing
statically intractableloops at runttimefrom a new perspectie +
insteadof determininga valid parallelexecutionscheduléefor the
loop,we speculat¢hattheloopis fully parallelizableafrequenboc-
currencen realprograms We proposecef®cientscalableunttime
techniquesor verifying thecorrectnessf aspeculatie parallelex-
ecution,i.e.,methodgor checkingthattherewerein factno cross+
iterationdependencgin the loop. From our previous experience



Benchmark ExperimentaResults
Subroutine potential Tested Descriptionof Loop Inspector
Loop Technique | Speedup| Slonvdown (% of sequentiabxecutiortime of program) (computation)
MDG 14 processors privatization
INTERF speculatie 11.55 1.09 || doall accesse a privatizablevectorguarded dataaccesses
loop 1000 insp/exec 8.77 1.03 || privat | byloopcomputedpredicate$92% ) branchpredicate
BDNA 14 processors privatization
ACTFOR speculatie 10.65 1.09 || doall accesseprivatizablearrayindexedby a dataaccesses
loop 240 insp/exec 7.72 1.04 || privat | subscriptarraycomputednsideloop (32% ) | subscriptarray
8 processors

TRFD speculatie .85 2.17 || doall smalltriangularloop accessea vector dataaccesses
INTGRL schedreuse 1.93 2.17 indexedby a subscriptarraycomputed replicatedoop
loop 140 insp/exec 1.05 1.74 outsideloop (5% )

schedreuse 2.10 1.74
TRACK accessearrayindexedby subscriptarray
NLFILT 8 processors doall computedbutsideloop, accespattern notapplicable
loop 300 speculate | 4.21] 1.01 guardedy loop computedpredicate$39% )
ADM accesseprivatizablearraythru aliases,
RUN 14 processors doall arrayrexdimensionedyccess notapplicable
loop 20 speculate | 9.01 ] 1.02 || privat | patterncontrol ow dependenf44% )
OCEAN 8 processors kernellikeloop accessea vectorwith dataaccesses
FTRVMT speculatie 2.23 1.45 || doall runttimedeterminedstrides replicatedoop
loop109 insp/exec 2.14 1.30 26K invocationsaccountor 43%
SPICE traversedinked list terminatedoy a NULL
LOAD 8 processors doall pointer, all referencedirraysequialenced dataaccesses
loop40 insp/exec | 2.75] 1.09 || reduct | toaglobalworkarray

Tablel: Summaryof ExperimentaResults.

with staticanalysisandparallelizatiorof Fortranprogramsye have

foundthatthe two transformationsnosteffective in removing data
dependencgare privatizationandreductionparallelization. Thus,

our new runztimetechniquedor checkingthe validity of specula-
tive applicationsof thesetransformationsncrease®ur chanceof

extractinga signi®canfraction of the availableparallelismin even

themostcomplex program.Themethodsn this paperemployade-

pendencanalysisbasedn the actualexchangg(de®nitionor use)
of valuesratherthanon the memoryreferenceshemseles. This

approacheadso theexploitationof moreparallelismthanwaspre-

viously possibly e.g.,ourgeneraimethodfor reductiorrecognition
thatdoesnotrely on syntacticpatternmatching.

Ourexperimentalesultsshow thatthe concepof runttimedata
dependenceheckingis a usefulsolutionfor loopsthat cannotbe
analyzedsuf®cientlyby a compiler Both speculatie andinspec-
tor/executorstratgieshave beenshovnto beviablealternatvesfor
evenmodestlyparallelmachinedike the Alliant FX/80 and2800.
We would like to emphasizéhat our methodsareapplicableto all
loops,withoutary restrictionson their dataor control ow.

We believe that the signi®cancef the methodsgpresentedhere
will only increasewith theadwentof massvely parallelprocessors
(MPPs)for which the penaltyof not parallelizingaloop couldbea
massveperformancelegradation. Aswe haveshovn, ourrunttime
testsare ef®cientand scalable andthusif the target machinehas
mary (hundreds)rocessorsthenthe costof our techniqueswill
becomea very smallfraction of the sequentiakxecutiontime. In
otherwords,speculatinghattheloopis fully parallelhasthepoten-
tial to offer largegainsin performancéspeedup)while atthesame
time risking only smalllosses.To biastheresultsevenmorein our
favor, thedecisioronwhento applythemethodshouldmakeuseof

All benchmarkarefrom the PERFECTBenchmarkSuite
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runttimecollectedinformationaboutthe fully parallel/notparallel
natureof theloop. In addition,specializechardwardeaturesould
greatlyreducethe overheadntroducedby the methods.

Finally we believe thatthe true importanceof this work is that
it breakghebarrierat which automatigparallelizatiorhadstopped:
regular, welltbehaed programs. We think that the useof aggres-
sive, dynamictechniquescan extract most of the available par
allelism from even the most complex programs,making parallel
computingattractie.
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