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Abstract

We areinvolvedin an effort to develop a patternlanguagefor parallelappli-
cation programs. The patternlanguageconsistsof a setof patternsthat guide
the programmetthroughthe entire processof developinga parallelprogram,in-
cluding patternghathelp nd the concurreng in the problem,patternsthathelp

nd the appropriatealgorithmstructureto exploit the concurreng in parallelex-
ecution,and patternsdescribinglower-level implementationissues. The current
versionof the patternlanguagecanbe seerat http://www.cise.ufl.edu/
research/ParallelPatterns .

In this paper we presentthree patternsfrom our patternlanguage selected
from the setof patternghatareusedafterthe problemhasbeenanalyzedo iden-
tify theexploitableconcurreng. ChooseStructeraddressethequestiornf how to
selectanappropriatgatternfrom theothersin this set. DivideAndConqueis used
whenthe problemcanbesolvedby recursvely dividing it into subproblemssolv-
ing eachsubproblenindependentlyandthenrecombiningthe subsolutionsnto a
solutionto theoriginal problem.PipelinePocessinds usedwhenthe problemcan
be decomposethto orderedgroupsof tasksconnectedy datadependencies.

1 Intr oduction

1.1 Overview

We areinvolvedin an effort to designa patternlanguagefor parallelapplicationpro-
grams.Thegoalof the patternlanguages to lower the barrierto parallelprogramming
by guiding the programmeitthroughthe entire processof developing a parallel pro-
gram. In our vision of parallelprogramdevelopmentthe programmeibringsinto the
processa goodunderstandin@f the actualproblemto be solved, thenworks through
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thepatternlanguagegventuallyobtaininga detaileddesignor evenworking code. The
patternlanguages organizedinto four designspacesyhich arevisitedin ordet

TheFindingConcurencydesignspacancludeshigh-level patternghathelp nd
the concurreng in a problemanddecomposd into a collectionof tasks.(The
patterndn this designspacearepresentedh [7].)

The AlgorithmStructue designspacecontainspatternsthat help nd anappro-
priate algorithm structureto exploit the concurreng that hasbeenidenti ed.
(Threepatterndrom this designspacearepresentedn [6].)

TheSupportingStructwsdesignspaceancludespatternghatdescribausefulab-
stractdatatypesandothersupportingstructures.

The ImplementationMdtanismsdesign spacecontainspatternsthat describe
lower-level implementatiorissues.

The latter two designspacegslightly stretchingthe typical notion of a pattern)might
even includereusablecodelibraries or framewvorks. We usea patternformat for all
four levelssothatwe canaddress variety of issuedn auni ed way. Thecurrent,in-
completeyersionof the patternlanguagecanbe seerat http://www.cise.ufl.
edu/research/ParallelPatterns . It consistsof a collection of extensiely
hyperlinked documentssuchthat the designercan begin at the top level and work
throughthe patternlanguageby following links.

In this paper ratherthan describingthe patternlanguageas a whole, we present
the completetext of threeselectedatternsrom the AlgorithmStructue designspace.
The chosempatternsarerelatively mature,andsigni cant enoughto standalone. The
patternsin the AlgorithmStructue designspacehelp the designernd anappropriate
algorithm structuresuitablefor parallelimplementationand are applicableafter the
concurreng in a problemhasbeenidenti ed. Thus,beforeattemptingto applythese
patternsthe designershouldhave determinedi) how to decomposéhe probleminto
tasksthat can executeconcurrently (i) which datais local to the tasksandwhich is
sharecamongtasks,and(iii) whatorderinganddatadependenciesxistamongtasks.

The concurreng in parallel programsintroducespotentiallynondeterministide-
havior andthe possibility of raceconditions. Correctnesgoncernghusplay a large
role in parallelprogrammingandareaddressethy describingconstraintson the prob-
lem andimplementation.The goalis to provide rulesthat, if followed, will preclude
concurreng errors. Theseconstraintsaretypically describedrst in informal but pre-
ciselanguagein somecaseghisinformal discussions followedby a moreformal and
detaileddiscussiorincludingreferenceso supportingtheory

1.2 Example

As mentionedaborve, beforeattemptingto apply patterngrom the AlgorithmStructue
designspacethe designeishouldhave analyzedhe problemto identify potentialcon-
curreng. As anexampleof this analysis,considerthe following problemtakenfrom
the eld of medicalimaging.(This exampleis presentedn moredetailin [7].) We can
decomposthis problemin two ways— in termsof tasksandin termsof data.



Introduction 3

An importantdiagnostictool is to give a patienta radioactve substancendthen
watchhow that substance@ropagtesthroughthe body by looking at the distribution
of emittedradiation.Unfortunatelytheimagesareof low resolutionduein partto the
scatteringf theradiationasit passeshroughthebody It is alsodif cult toreasorfrom
the absoluteradiationintensities sincedifferentpathwaysthroughthe body attenuate
theradiationdifferently.

To solwe this problem,medicalimaging specialistsuild modelsof how radiation
propagtesthroughthe body andusethesemodelsto correcttheimages.A common
approachis to build a Monte Carlo model. Randomlyselectecpointswithin the body
are assumedo emit radiation(usuallya gammaray), andthe trajectoryof eachray
is followed. As a particle (ray) passeshroughthe body; it is attenuatedy the differ-
entorgansit traversescontinuinguntil the particleleavesthe body andhits a camera
model,therebyde ning afull trajectory To createa statisticallysigni cant simulation,
thousand# notmillions of trajectoriesarefollowed.

Theproblemcanbeparallelizedn two ways. Sinceeachtrajectoryis independent,
it would be possibleto parallelizethe applicationby associatingachtrajectorywith a
task.Anotherapproactwouldbeto partitionthebodyinto sectionsandassigndifferent
sectiongo differentprocessinglements.

Asin mary ray-tracingcodestherearenodependencidsetweertrajectoriesmak-
ing thetask-basediecompositiorihe naturalchoice. By eliminatingthe needto man-
agedependencieshetask-basealgorithmalsogivesthe programmeplentyof e xi-
bility laterin thedesignprocessywhenhow to schedulgéhework on differentprocess-
ing elementdbecomesmportant.

The datadecompositionhowever, is much more effective at managingmemory
utilization. Thisis frequentlythecasewith adatadecompositiorascomparedo atask
decomposition. Since memoryis decomposeddata-decompositiomalgorithmsalso
tendto be morescalable.Theseissuesareimportantandpoint to the needto at least
considerthe typesof platformsthatwill be supportedy the nal program.Theneed
for portability drivesoneto make decisionsabouttarget platformsaslate aspossible.
Therearetimes, howvever, whendelayingconsideratiorof platform-dependerssues
canleadoneto choosea pooralgorithm.

1.3 In this paper

The remainderof this paperconsistsof the completetext of threepatternsfrom the
AlgorithmStructue designspace:

ChooseStructeraddressethe questionof how to selectan appropriatepattern
from the othersin this set.

DivideAndConqueis usedwhenthe problemcanbe solved by recursvely di-
viding it into subproblemssolving eachsubproblemindependentlyand then
recombiningthe subsolutionsnto a solutionto the original problem.

PipelinePocessings usedwhenthe problemcanbe decomposedhto ordered
groupsof tasksconnectedy datadependencies.
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Eachnumberednajorsectionrepresentsnedocumentn thecollectionof hyperlinked
documentsnakingup our patternlanguagepachdocumentepresentsnepattern.To
malke the paperself-containedye replacehyperlinkswith text formattedlik e this and
footnotesor citations. To make it easierto identify patternsand patternsectionswe
formatpatternnamesasSomeRtternandpatternsectionnamesasSomeSection

2 The ChooseStructurdPattern

Problem

After youhave analyzedyour problemto identify exploitableconcurreng, how doyou
usetheresultsto choosea structurefor the parallelalgorithm?

Context

The rst phaseof designinga parallel algorithm usually consistsof analyzingthe
problem to identify exploitable concurreng, usually by using the patternsof the
FindingConcurency designspace.After performingthis analysis,you shouldhave
(1) away of decomposinghe probleminto a numberof tasks,(2) an understanding
of how the problems datais decomposedntoandsharedamongthetasks,and(3) an
orderingof taskgroupsto expresstemporalor otherconstraintsamongthe tasks. To
re ne the designfurtherandmove it closerto a programthat canexecutethesetasks
concurrently you needto map the concurreng onto the multiple units of execution
(UEsY thatrun on a parallelcomputer

Of the countlesswaysto de ne an algorithm structure,mostfollow one of nine
basicdesignpatterns.Thekey issueis to decidewhich patternis mostappropriateor
your problem.

Forces

Thereare competingforcesto keepin mind in decidingwhich overall structure ts
your problembest:

Differentaspect®f the analysismay pull thedesignin the directionof different
structures.

A goodalgorithmdesignmuststrike abalancebetweer(1) abstractiorandporta-
bility and(2) suitability for a particulartargetarchitecture The challengefaced
by thedesignerespeciallyat this early phaseof the algorithmdesign,is to leave
theparallelalgorithmdesignabstracenoughto supportportability while ensuf
ing thatit caneventuallybe implementeceffectively for the parallelsystemson
whichit will beexecuted.

Thispatterndescribesway of balancinghesdorcesandchoosinganoverall structure
for thealgorithm.

1A setof patternsn our patternlanguagesee[7].
2Generictermfor a collectionof concurrently-gecutingentities,usuallyeitherprocessesr threads.
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Solution
Overview

Ourapproacho usingtheresultsof the preliminaryanalysigo chooseanoverall struc-
turefor thealgorithmhasfour major steps:

Target platform: What constraintsare placedon the parallelalgorithmby the
targetmachineor programmingervironment?

Major organizingprinciple: Whenyou considertthe concurreng in your prob-
lem, is therea particularway of looking at it that standsout and provides a
high-level mechanisnfor organizingthis concurreng? Noticethatin somesitu-
ations,a gooddesignmay make useof multiple algorithmstructuregcombined
hierarchically compositionallyor in sequence)andthisis the pointatwhich to
considemwhethersucha designmakessensedor your problem.

The AlgorithmStructure decisiontr ee: For eachsubsetof tasks,hov do you
selectan AlgorithmStructue designpatternthatmosteffectively de neshow to
mapthetasksonto UES?

Re-evaluation: s this chosenAlgorithmStructue pattern(or patterns)suitable
for yourtagetplatform?

Steps

Consider the target platform. What constraintsare placedon your designby
thetarget computerandits supportingprogrammingervironments?in anideal
world, it would not be necessaryo considersuchquestionsat this stageof the
design,anddoing soworks againstkeepingthe programportable(whichis also
desirable).This is not anideal world, however, andif you do not considerthe
major featuresof your target platform, you risk comingup with a designthatis
dif cult toimplementefciently.

The primary issueis howv mary UEs (processe®r threads)your systemwill

effectively supportsinceanalgorithmthatworkswell for tenUEsmaynotwork
well at all for hundredsof UEs. You do not necessarilyneedto decideon a
speci ¢ number(in factto do sowould overly constrairtheapplicability of your
design) but you do needto decideon anorderof-magnitudenumberof UEs.

Anotherissueis how expensve it is to sharenformationamongUESs. If thereis
hardwaresupportfor sharednemory informationexchangeakesplacethrough
sharedaccesso commonmemory andfrequentdatasharingmalessenself the
targetis a collection of nodesconnecteddy a slov network, however, sharing
informationis very expensve, andyour parallelalgorithmmustavoid commu-
nicationwherever possible.

Whenthinking aboutboth of theseissues— the numberof UEsandthe costof
sharinginformation— avoid the tendeng to over-constrainyour design. Soft-
wareusuallyoutliveshardware,so over the courseof a programs life, you may



TheChooseStructrPattern 6

needo supportatremendousangeof targetplatforms.Youwantyouralgorithm
to meettheneedsf your targetplatform,but atthe sametime, youwantto keep
it exible soit canadaptto differentclasse®f hardvare.

Also, remembetthatin additionto multiple UEs and someway to shareinfor-
mationamongthem,a parallelcomputethasoneor moreprogrammingerviron-
mentsthat canbe usedto implementparallelalgorithms. Do you know which
parallel programmingervironmentyou will usefor codingyour algorithm? If
so, what doesthis imply abouthow tasksare createdand how informationis
sharecamongUEs?

Identify the major organizing principle. Considertheconcurreng you found
usingthe patternsof the FindingConcurencydesignspace.lt consistsof tasks
andgroupsof tasks,data(both sharedandtask-local),andorderingconstraints
amongtaskgroups. Your next stepis to nd analgorithmstructurethatrepre-
sentshow this concurreng mapsontothe UEs. The rst stepisto nd themajor
organizingprinciple implied by the concurreng. This usuallyfalls into one of
threecamps:organizationby orderings organizationby tasks or organization
by data Algorithmsin the rst two groupsaretask-parallelsincethe design
is guidedby how the computationis decomposechto tasks. Algorithmsin the
third group are data-parallelbecauséhow the datais decomposedjuidesthe
algorithm.We now considereachof thesein moredetail.

For someproblemsthe majorfeatureof theconcurreng is the presencef well-

de ned interactinggroupsof tasks,andthe key issueis how thesegroupsare
orderedwith respecto eachother For example,a GUI-driven programmight
be parallelizedby decomposingt into ataskthatacceptaiserinput, a taskthat
displaysoutput,andoneor morebackgroundomputationataskswith thetasks
interactingvia “events” (e.g., the userdoessomething,or a part of the back-
groundcomputationcompletes).Herethe major featureof the concurreng is

theway in which thesedistincttaskgroupsinteract.

For otherproblemsthereis really only onegroupof tasksactive atonetime,and
the way the taskswithin this groupinteractis the major featureof the concur
reng. Examplesncludeso-called‘embarrassinglyarallel” programsn which
thetasksarecompletelyindependentaswell asprogramsn which the tasksin
asinglegroupcooperatéo computearesult.

Finally, for someproblemstheway datais decomposedndsharecamongtasks
standsout as the major way to organizethe concurreng. For example, mary
problemsfocuson the updateof a few large datastructuresandthe mostpro-
ductive wayto think aboutthe concurreng is in termsof how this structurds de-
composedinddistributedamongUEs. Programgo solve differentialequations
or performlinear algebraoftenfall into this cateyory, sincethey arefrequently
basedon updatinglarge datastructures.

As you think aboutyour problemand searchfor the most productve way to
begin organizingyour concurreng andmappingit onto UEs,remembethatthe
mosteffective parallelalgorithm designmay be hierarchicalor compositional:
It oftenhappenghatthe verytop level of the designis a sequentiatomposition
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of oneor moreAlgorithmStructue patterngfor example,aloop whosebodyis
aninstanceof an AlgorithmStructue pattern). Otherdesignsmay be organized
hierarchicallywith onepatternusedto organizetheinteractionof themajortask
groupsandotherpatternaisedto organizetaskswithin thegroups.

Identify the pattern(s) to use. Having consideredhe questiongaisedin the
precedingsectionsyouarenow readyto selectanalgorithmstructure guidedby
anunderstandingf constraintsmposedy yourtargetplatform,anappreciation
of the role of hierarcly and composition,anda major organizing principle for
your problem. You malke the selectionby working throughthe decisiontree
presentedn Figurel Startingat the top of the tree, consideryour concurreng

OrganizeByData

| Regular| | Irregular | ! Linear ! ! Recursive | | Linear | | Recursive |

/ AN T - . . v

H PipelineProcessm#}‘ H AsynchroncusComposilloH ‘ Partitioning ‘ H DivideAndConquerH H GeomelricDecompoSitiDnH H Recuvs\veDalaH

| Inseparable Dependencies

o Sy L o

H SeparableDependenci# ‘ ‘ Protec(edDependencieH

Key Decision/branch point
Terminal pattern

Figurel: Decisiontreefor the AlgorithmStructue designspace.

andthe majororganizingprinciple,andusethis informationto selectoneof the
threebranchef thetree;thenfollow the discussiorbelow for the appropriate
subtree Noticeagainthatfor someproblemshe nal designmaycombinemore
thanonealgorithmstructurejf nooneof thesestructureseemssuitablefor your
problem,it may be necessaryo divide the tasksmakingup your probleminto
two or moregroups,work throughthis procedureseparatelfor eachgroup,and
thendeterminehow to combinetheresultingalgorithmstructures.

— OrganizeBy Ordering Selectthe OrganizeByCQdering subtreewhenthe
major organizingprincipleis how the groupsof tasksareorderedwith re-
spectto eachother This patterngroup hastwo membersyfe ecting two
waystaskgroupscanbe ordered. One choicerepresentsregular” order
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ingsthatdo not changeduring the algorithm;the otherrepresentsirregu-
lar” orderingsthataremoredynamicandunpredictable.

PipelinePocessing: Theproblemis decomposeihto orderedyroups
of tasksconnectedy datadependencies.
AsyndironousCompositidh The problemis decomposethto groups
of tasksthatinteractthroughasynchronousvents.

— OrganizeBy Tasks. Selectthe OrganizeByaskssubtreewhenthe execu-

tion of thetasksthemselesis thebestorganizingprinciple. Therearemary
waysto work with such“task-parallel” problems,makingthis the largest
groupof patterns.The rst decisionto make is how thetasksareenumer
ated.If they canbegatherednto asetlinearin any numberof dimensions,
take the Partitioning branch. If the tasksare enumeratedy a recursve
proceduretake the Treebranch.
If the Partitioning branchis selectedthe next questionis to considerthe
dependencieamongthe tasks. If thereare no dependencieamongthe
tasks(i.e., the tasksdo not needto exchangeinformation), thenyou can
usethefollowing patternfor your algorithmstructure:

EmbarmssinglyRrallel®: The problemis decomposedhto a set of
independentasks.Most algorithmsbasecdn taskqueuesandrandom
samplingareinstance®f this pattern.

If therearedependencieamongthetasksyouneedto decidehow they can

beresoled. For alarge classof problemsthe dependencieareexpressed
by write-onceupdatesor associatie accumulatiorinto shareddatastruc-

tures. In thesecasesthe dependencieare separableandyou canusethe

following algorithmstructure:

SepaableDependenci€s Theparallelismis expressedy splitting up
tasksamongunitsof execution.Any dependenciesmongaskscanbe
pulledoutsidethe concurrentxecutionby replicatingthe dataprior to
theconcurrenexecutionandthenreducingthereplicateddataafterthe
concurrentexecution. Thatis, oncethe datahasbeenreplicated the
problemis greatlysimpli ed andlooks similar to the embarrassingly
parallelcase.

If the dependencievolve true information-sharingamongconcurrent
tasks however, youcannotuseatrick to maketheconcurreng look likethe
simpleembarrassinglyparallelcase.Thereis noway to getaroundexplic-
itly managingthe sharednformationamongtasks,andyou will probably
needto usethefollowing pattern:

ProtectedDependencitsThe parallelismis expressedy splitting up
tasksamongunits of execution. In this case,however, variablesin-

3Sectiond of this paper

4A patternin the AlgorithmStructue designspace.

5A patternin the AlgorithmStructue designspacesee[6].
6A patternin the AlgorithmStructue designspacesee[6].
A patternin the AlgorithmStructue designspace.
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volvedin datadependenciearebothreadandwritten duringthe con-
currentexecutionandthuscannotbe pulled outsidethe concurrenex-
ecutionbut mustbe managediuring the concurrentexecutionof the
tasks.Noticethatthe exchangeof messagess logically equivalentto
sharinga region of memory sothis casecaoversmorethanjust tradi-
tional shared-memorprograms.

This completeghe Partitioning branch;now considerthe patternsin the
Treebranch.Herewe have two casesThesecasesarevery similar, differ-
ing in how the subproblemaresolvedoncethetaskshave beernrecursvely
generated:

DivideAndConquét. The problemis solved by recursvely dividing
it into subproblemssolvingeachsubproblenmndependentlyandthen
recombiningthe subsolutionsnto a solutionto the original problem.

— OrganizeBy Data. Selectthe OrganizeByDatasubtreewhenthe decom-
positionof the datais the major organizingprinciplein understandinghe
concurreng. Therearetwo patternsin this group, differing in how the
decompositioris structured— linearly in eachdimensionor recursvely.

GeometricDecompositioft The problemspaceis decomposedhto
discretesubspacegheproblemis thensolvedby computingsolutions
for thesubspacesyith the solutionfor eachsubspaceypically requir

ing datafrom a smallnumberof othersubspacesMary instancef

this patterncanbefoundin scienti c computing whereit is usefulin

parallelizinggrid-baseccomputationsfor example.

RecusiveData® The problemis de ned in termsof following links

througharecursve datastructure.

Re-evaluate. After choosingoneor moreAlgorithmStructue patterngo beused
in your design,skim throughtheir descriptiongo be surethey arereasonable
suitablefor your target platform. (For example,if your target platform consists
of alarge numberof workstationsonnectedy a slow network, andoneof your
chosenAlgorithmStructurepatternsrequiresfrequentcommunicatiorbetween
tasksyou arelik ely to have troubleimplementingyour designef ciently .) If the
choserpatternsseemwildly unsuitablefor your target platform, try identifying
asecondaryrganizingprincipleandworking throughthe precedingstepagain.

Examples
Medical imaging

For example, consider the medical imaging problem described in
DecompositionSategy'l.  This application simulatesa large number of gamma

8Section3 of this paper
9A patternin the AlgorithmStructue designspacesee[6].
107 patternin the AlgorithmStructue designspace.
11A patternin the FindingConcurencydesignspace;see[7]. This exampleis alsosummarizedn Sec-
tion 1 of this paper
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rays as they move througha body and out to a camera. One way to describethe
concurreng is to de ne the simulation of eachray as a task. Sincethey are all

logically equivalent,we puttheminto a singletaskgroup. Theonly datasharecamong
thetasksareread-onlyaccesse® a large datastructurerepresentinghe body Hence
thetasksdo notdependon eachother

Becausdor this problemtherearemary independentasksit is lessnecessarthan
usualto considerthetargetplatform: The large numberof tasksshouldmeanthatwe
canmalke effective useof ary (reasonablehumberof UEs; the independencef the
tasksshouldmeanthatthe costof sharinginformationamongUEswill nothase much
effecton performance.

Thus, we shouldbe able to choosea suitablestructureby working throughthe
decisiontreein Figurel. Giventhatin this problemthetasksareindependentheonly
issuewe really needto worry aboutaswe selectanalgorithmstructureis how to map
thesetasksonto UEs. Thatis, for this problemthe major organizingprinciple seems
to be the way the tasksare organized,so we startby following the OrganizeBy&sks
branch.

We now considerthe natureof our setof tasks. Are the tasksarrangechierarchi-
cally, or dothey residein anunstructuredr at set?For this problem,thetasksarein
an unstructuredsetwith no obvious hierarchicalstructureamongthem, so we follow
the Partitioning branchof thedecisiontree.

The next decisiontakesinto accountthe dependencieamongthe tasks. In this
example thetasksareindependentThis impliesthatthe algorithmstructureto usefor
this problemis describedn EmbarassinglyRrallel. (Notice, by theway, thatanem-
barrassinglyparallelalgorithmshouldnot be viewed astrivial to implement— much
carefuldesignwork is still neededo comeup with a correctprogramthat ef ciently
scheduleshe setof independentasksfor executiononthe UEs.)

Finally, we review this decisionin light of possibletarget-platformconsiderations.
As we obsered earlier the key featuresof this problem (the large numberof tasks
andtheirindependencenale it unlikely thatwe will needto reconsidetbecausehe
choserstructurewill bedif cult to implementon thetargetplatform. Neverthelessto
be carefulwe alsoreview EmbariassinglyRrallel; fortunately it appearso besuitable
for avariety of tagetplatforms.

3 The DivideAndConquelpattern

Problem

How canyou exploit the potentialconcurreng in a problemthatcanbe solved using
thedivide-and-conquestrategy?

Context

Considerthe divide-and-conquestratgy employed in mary sequentialalgorithms.
With this stratey, a problemis solved by splitting it into subproblemssolvingthem
independentlyandmeiging their solutionsinto a solutionfor thewhole problem.The
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subproblemsanbesolveddirectly, or they canin turnbesolvedusingthesamedivide-
and-conquestratay, leadingto anoverall recursve programstructure.The potential
concurreng in this stratgy is not hardto see: Sincethe subproblemsre solved in-
dependentlytheir solutionscan be computedconcurrently Figure 2 illustratesthe
stratgy andthe potentialconcurreny.

sequential {

split

-Way
concurrency

_Way
concurrency

-way
concurrency

sequential

Figure2: Thedivide-and-conquestrateyy.

The divide-and-conquestratgly canbe more formally describedn termsof the
following functions(whereN is a constant):

Solution solve(Problem P) : Solve aproblem(returnsits solution).

Problem[]  split(Problem P): Split a probleminto N subproblems,
eachstrictly smallerthanthe original problem(returnsthe subproblems).

Solution merge(Solution[] subS) : MergeN subsolutionsnto solu-
tion (returnsthe meigedsolution).

boolean baseCase(Problem  P): Decidewhethera problemis a “base
case”that can be solved without further splitting (returnstrue if basecase,
false if not).

Solution baseSolve(Problem P) : Solve abase-casproblem(returns
its solution).

Thestratgyy thenleadsto thetop-level programstructureshovn in Figure3.
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Solution  solve(Problem P) {

if (baseCase(P))
return  baseSolve(P);

else {
Problem subProblems[N];
Solution subSolutions[N];
subProblems = split(P);
for (int i =0; i < N; i++)

subSolutionsi] = solve(subProblemsJi]);

return  merge(subSolutions);

Figure3: Sequentiapseudocodéor the divide-and-conquestrateyy.

Indications

UseDivideAndConquewhen:

The problemcanbesolvedusingthe divide-and-conquestrateyy, with subprob-
lemsbeingsolvedindependently

This patternis particularlyeffective when:

The amountof work requiredto solve the basecaseis large comparedo the
amountof work requiredfor therecursve splitsandmeiges.

The split producesubproblem®f roughlyequalsize.

Forces

Thetraditionaldivide-and-conquestrateyy is a widely usefulapproacho algo-
rithm design. Algorithms basedon this stratgy arealmosttrivial to parallelize
basedn the olbvious exploitableconcurreny.

As Figure 2 suggestshowever, the amountof exploitable concurreng varies
over thelife of the program;at the outermostevel of the recursion(initial split

and nal merge)thereis no exploitableconcurreng, while attheinnermostevel

(base-cassolves) the numberof concurrently-gecutabletasksis the number
of base-cas@roblems(which is often the sameasthe problemsize). Ideally,

youwouldlike to alwayshave atleastasmary concurrently-gecutablegasksas
processorsandclearly this patternfalls shortin that respectandthe problem
only getsworseasyou increasethe numberof processorsso in generalthis
patterndoesnot scalewell.

This patternis moreef cient whenthe subproblemsnto which eachproblemis
splitareroughlyequalin size/ computationatomplexity.
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Solution
Overview

If thesubproblemsf agivenproblemcanbesolvedindependentlythenyou cansolve
themin ary orderyoulike, includingconcurrently This meanghatyou canproducea
parallelapplicationby replacingthefor loop of Figure3 with aparallel-forconstruct,
sothatthesubproblemsvill besolvedconcurrentlyratherthanin sequencelt is worth
noting at this point that programcorrectnesss independenof whetherthe subprob-
lemsaresolved sequentiallyor concurrentlysoyou canevendesigna hybrid program
thatsometimesolvesthemsequentiallyandsometimesoncurrentlybasedon which
approachis likely to bemoreef cient (moreaboutthis later).

This stratgyy canbe mappedonto a designin termsof tasksby de ning onetask
for eachinvocationof thesolve function,asillustratedin Figure4 (rectangulaboxes
correspondo tasks).

base-case base- base-case base-case
solve solve solve solve

Figure4: Parallelizingthedivide-and-conquestratayy.

Notetherecursve natureof thedesignwith eachtaskin effectgeneratingandthen
absorbinga subtaskor eachsubproblem.
Notealsothateitherthe split or the mege phasecanbe essentiallyabsent:

No split phaseis neededf all the base-cas@roblemscan be derived directly
from the whole problem(without recursve splitting). In this case,the overall
designwill look lik e the bottomhalf of Figures2 and4.
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No memge phaseis neededf the problemcanbe consideredsolve whenall of
thebase-casproblemshave beenidenti ed andsolved. In this case the overall
designwill look lik e thetop half of Figures2 and4.

Designshasedn this patternincludethefollowing key elements:

De nitions of the functionsdescribedn the Context sectionabove (solve
split , merge, baseCase , andbaseSolve ).

A way of schedulinghetasksthatef ciently exploits theavailableconcurreng
(subproblemganbesolved concurrently).

Keyelements

De nitions of functions. It is usually straightforvard to producea program
structuregthatde nestherequiredfunctions:Whatis requiredis almostthesame
asthe equvalentsequentiaprogram,exceptfor codeto scheduleasks,asde-
scribedin thenext section.

Scheduling the tasks. Where a parallel divide-and-conqueprogramdiffers
from its sequentiatounterparts thatthe parallelversionis alsoresponsibldor

schedulingthe tasksin a way that exploits the potentialconcurreng (subprob-
lemscanbe solved concurrently)ef ciently .

The simplestapproachis to simply replacethe sequentiafor loop over sub-
problemswith aparallelfor constructallowing the correspondingasksto ex-
ecuteconcurrently (Thus,in Figure4, thetwo lower-level splitsexecuteconcur
rently, the four base-cassolves executeconcurrently andthe two lower-level
meigesexecuteconcurrently) To improve ef ciency (asdiscussedaterin this
section),you canalsousea combinationof parallelfor constructsandsequen-
tial for loops, typically using parallelfor at the top levels of the recursion
andsequentiafor at the more deeplynestedevels. In effect, this approach
combinegparalleldivide-and-conquewith sequentiatlivide-and-conquer

Correctnessssues

Most of thecorrectnessssuedn implementinghis patternarethe sameonesinvolved
in sequentiatlivide-and-conqueplusafew additionalrestrictionso make theconcur
reng/ work properly

Considering rst the sequentialdivide-and-conquestratgly expressedn the

pseudocod®f Figure 3, you canguaranteghat solve(P)  returnsa correct
solutionof P if the otherfunctionsmeetthefollowing speci cations,expressed
in termsof preconditionsand postconditions.(As before,N is aninteger con-

stant.)

— Solution  baseSolve(Problem P):
PreconditionbaseCase(P) = true
Postconditionreturnedvalueis a solutionof P.
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— Problem[]  split(Problem P):
PreconditionbaseCase(P) = false

Postcondition:returnedvalueis an array of N subproblemseachstrictly
smallerthanP, whosesolutionscanbe combinedto give a solutionof P.
Here, “strictly smaller” meanssmallerwith respectto someinteger mea-
surethat,whensmallenoughjndicatesabase-casproblem.(Thisensures
thattherecursionis nite.)

— Solution  merge(Solution]] subs) :
Precondition:subS is anarrayof N solutionssuchthatfor someproblem
P andarrayof subproblemsubP = split(P) ,subSJ[i] isasolution
of subP[i] ,forallifrom 1throughN.
Postconditionreturnedvalueis a solutionof P.

To maketheconcurreng work, it is sufcient for thesolutionsof subproblemso

becomputedndependentlyThatis, for two distinctsubproblemsubP[i] and
subP[j]  of P, solve(subPli]) and solve(subPl[j]) mustbe com-

putedindependentlyThiswill betrueif neithercallto solve modi es variables
sharedwith the othercall. If the solutionsof subproblemg&annotbe computed
independentlythenary accesdo sharedvariablesmustbe protectedwith ap-

propriatesynchronizationThis, of course tendsto reducethe ef ciency of the

calculation.

Ef ciency issues

Effective useof this patterndepend®n reducingthefractionof the programs lifespan
duringwhich therearefewer concurrently-gecutabletasksthanprocessorsandthere
areseveralfactorsthatcontritute to this goal:

Having a problemwhosesplit andmeige operationsare computationallytrivial
comparedo its base-cassolwe.

Having a problemsizethatis large comparedo the maximumnumberof pro-
cessorsvailableonthetargetervironment.

Reducingthe numberof levels of recursionrequiredto arrive at the base-case
solwve by splitting eachprobleminto moresubproblemsThis generallyrequires
somealgorithmic clevernessbut canbe quite effective, especiallyin the limit-
ing caseof “one-deepdivide-and-conquer’in which the initial split is into P
subproblemswhereP is the numberof available processors Seethe Related
Patterns sectionfor morediscussiorof this strateyy.

If problemsizeis largecomparedo thenumberof availableprocessorsatsome
point in the computationthe numberof concurrently-gecutabletaskswill ex-
ceedthe numberof processorslf you take the simpleapproactof alwaysusing
the parallelfor constructto schedulghe taskscorrespondingo subproblems,
this approactproducesa situationin which at somepointthe numberof units of
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executionexceedshe numberof availableprocessorslf sucha situationwould
beinefcient in thetargetervironment(i.e., if context-switchingamongUEs*?
is expensve), or if thereis signi cant overheadassociateavith the parallelfor
construct,it will probablybe more ef cient to usethe parallelfor construct
only for the outerlevels of the recursion,switchingto a sequentialoop when
thetotal numberof subproblemgnumberof subproblemger split multiplied by
recursionevel) exceedsnumberof availableprocessors.

Examples
Mergesort

Mergesortis awell-known sortingalgorithmbasedn thedivide-and-conquestrateyy,
appliedasfollowsto sortanarrayof N elements:

The basecaseis an array of size 1, which is alreadysortedand can thus be
returnedwithout furtherprocessing.

In the split phasethearrayis split by simply partitioningit into two contiguous
subarrayseachof sizeN=2 (or (N+ 1)=2and(N 1)=2,if N is odd).

In the solve-subproblemghase the two subarraysare sorted(by applyingthe
meigesortprocedureecursvely).

In themegephasethetwo (sortedsubarraysarerecombinednto asinglesorted
arrayin theobviousway.

This algorithmis readily parallelizedby performingthe two recursive meigesorts
in parallel.

Matrix diagonalization

[3] describesa parallelalgorithmfor diagonalizing(computingthe eigervectorsand
eigevaluesof) a symmetrictridiagonalmatrix T. The problemis to nd a matrix
Q suchthatQ" T Q is diagonal;the divide-and-conquestratgy goesas follows
(omitting the mathematicatietails):

Thebasecaseis a 1-by-1matrix, whichis alreadydiagonalandcanbereturned
without furtherprocessing.

The split phaseconsistsof nding matrix T° and vectorsu, v, such that
T=T% uw/', andT hastheform

T O
0 T

whereT; andT, aresymmetrictridiagonalmatrices(which canbe diagonalized
by recursve callsto the sameprocedure).

12ynits of execution— genericterm for a collection of concurrently-gecutingentities, usually either
processesr threads.
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The mege phaserecombineghe diagonalization®f Ty and T, into a diagonal-
izationof T.

Detailscanbefoundin [3] orin [4].

Other known uses

Classicagraphandotheralgorithms.Any introductoryalgorithmstext will have
mary examplesof algorithmsbasedn the divide-and-conquestratey, mostof
which can be parallelizedwith this pattern. (As notedin the Consequences
sectionhowever, suchparallelizationsarenot alwaysef cient.)

LeslieGrignards FastMultipole Algorithm.

FloatingPointSystems'FFT (FastFourier Transform— analgorithmfor com-
putingdiscreteFouriertransforms).

Tree-basedeductionsparticularlyfor the PRAM model,asdescribedn [5].

Certainwell-known algorithmsfor solvingthe N-bodyproblem for examplethe
Barnes-Huglgorithmandsomealgorithmsof JohnSalmon.

Related Patterns

It is interestingo notethatjustbecausanalgorithmis basedn a (sequentialfivide-

and-conquestratgly doesnot meanthatit mustbe parallelizedwith DivideAndCon-
quer. A hallmark of this patternis the recursve arrangemenof the tasks,leading
to a varying amountof concurreng. Sincethis canbe inefcient, it is often better
to rethink the problemsuchthatit canbe mappedonto someother pattern,suchas
GeometricDecompositioor SepaableDependenciéd.

4 The PipelineProcessindpattern

Problem

If your problemcanbe solvedby analgorithmin which data o wsthrougha sequence
of tasksor stagega pipeline, how canyou exploit the potentialconcurreng in this
approach?

Context

The basicideaof this patternis muchlike the ideaof an assemblyline: To perform
a sequencedf essentiallyidentical calculations,eachof which canbe broken down
into the samesequencef stepswe setup a “pipeline”, onestagefor eachstep,with
all stagespotentially executingconcurrently Eachof the sequencef calculationsis
performedby having the rst stageof the pipeline performthe rst step,andthen

13patternsin the AlgorithmStructue designspace.
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the secondstagethe secondstep,and so on. As eachstagecompletesa stepof a
calculation,it passeshe calculation-in-progrest the next stageandbegins work on
thenext calculation.

This may be easiesto understandy thinking in termsof the assembly-lineanal-
ogy: For example,supposehe goal is to manuficturea numberof cars,wherethe
manufctureof eachcar canbe separatedhto a sequencef smalleroperationge.g.,
installing a windshield). Thenwe cansetup an assemblfine (pipeline), with each
operationassignedo a differentworker. As the carto-be movesdown the assembly
line, it is built up by performingthe sequencef operations;eachworker, however,
performsthe sameoperationover andover on a successiomwf cars.

Returningto a moreabstractview, if we call the calculationsto be performedCy,
C,, andsoforth, thenwe candescribeoperationof a PipelinePocessingrogramthus:
Initially, the rst stageof the pipelineis performingthe rst operationof C;. When
thatcompletesthe secondstageof the pipelineperformsthe secondoperationon Cg;
simultaneouslythe rst stageof the pipeline performsthe rst stageof C,. When
both complete the third stageof the pipeline performsthe third operationon C4, the
secondstageperformsthe secondoperationonCy, andthe rst stageperformsthe rst
operationon Cz. Figure5 illustrateshow this works for a pipeline consistingof four
stages.

time

v

Figure5: Pipelinestages.

This ideacanbe extendedto include situationsin which someoperationscanbe
performedconcurrently Figure6 illustratestwo pipelines,eachwith four stages.In
the secondpipeline,the third stageconsistsof two operationghat canbe performed
concurrently

These gures suggesthat we canrepresent pipeline as a directedgraph, with
verticescorrespondingo elementof thecalculationandedgesndicatingdata ow. To
presere the ideaof the pipeline, it is necessaryhat this graphbe agyclic, andit is
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non-

Figure6: Examplepipelines.

probablybestif it doesnot departtoo muchfrom a basicallylinear structurejn which
theelementxanbedividedinto stageswith eachstagecommunicatingnly with the
previousandnext stages.

We candescribethe linear casemoreformally, asfollows: This patterndescribes
computationsvhosegoalis to take a sequenc®f inputsing, in,, etc. andcomputea
sequencef outputsout, outy, etc.,wherethefollowing is true:

out; canbe computedrom in; asa compositionof N functionsf(®, £ andso
on,where(letting denotefunctioncomposition)

oug= fN @ §D(iny)
For i and j different,and m and n different, the computationof ouq(m) is in-

dependenbf the computationoutﬁ“) , wherewe have de ned input and output
sequencefor thefunctionsf ¥ asfollows:

ouf™ = £(M(in{™)
()

—in” = in
— out™ = out
—in™? = out™, for mbetweert andN 1.

To restatethis lessformally: For different stagesm and n of the pipeline, and
differentelement<C; andC; of the sequencef calculationsto be performed stagem
of thecalculationfor C; canbe doneindependentlyf stagen of the calculationfor C;.
Thisis thekey restrictionin this patternandis whatmakesthe concurreng possible.
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Indications

UsePipelinePpcessingvhen:

The problemconsistsof performinga sequencef calculations.eachof which
canbe broken down into distinct stagespn a sequencef inputs, suchthatfor
eachinput the calculationsmust be donein order but it is possibleto over-
lap computatiorof differentstagedor differentinputsasindicatedin Figuress
and6.

The patternis particularlyeffective when:

Thenumberof calculationds large comparedo the numberof stages.

It is possibleto dedicatea processoto eachelement,or at leasteachstage,of
thepipeline.

This patterncanalsobe effective in combinatiorwith otherpatterns:

As partof a hierarchicaldesign,in which the tasksmakingup eachstageof the
pipeline are internally organizedusing anotherof the AlgorithmStructue pat-
terns.

Forces

This patterncanbe straightforvard to implement(asdescribedn the Solution
sectionbelaw), particularlyfor message-passimatforms.

However, in a pipelinealgorithm,concurreng is limited until all the stagesare
occupiedwith usefulwork. Thisis referredto as” lling thepipeline”. At thetalil
endof thecomputationagainthereis limited concurreng asthe nal itemworks
its way throughthe pipeline. This is called“draining the pipeline”. In orderfor
pipelinealgorithmsto beeffective, thetime spentlling or drainingthe pipeline
mustbe smallcomparedo thetotal time of thecomputation This patternthere-
fore is mosteffective whenthe numberof calculationds large comparedo the
numberof operations/stageequiredfor eachone.

Also, eitherthe stagesf the pipelinemustbe kept synchronizedr theremust
be someway of buffering work betweensuccessie stages.The patternthere-
fore usually works betterif the operationgperformedby the various stagesof
the pipelineareall aboutequallycomputationallyintensve. If the stagesn the
pipeline vary widely in computationakffort. The sloweststagede nes a bot-
tleneckfor the algorithm's aggregate throughput. Furthermorea much slower
stagein the middle of the pipelinewill causedataitemsto backup ontheinput
gueue potentiallyleadingto buffer over ow problems.
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Solution
Overview

Viewing the patternin termsof tasks,de ne onetaskfor eachelementof the pipeline
(one elementper stagein a linear pipeline, possiblymore for a nonlinearpipeline).
Eachtask can be thoughtof as having a predecessofin the previous stage)and a

successofin the next stage) with olbvious exceptionsfor taskscorrespondingdo the

rst andlast stagesof the pipeline and a straightforvard generalizatiorto nonlinear
pipelines(wherea task can have multiple predecessorsr successors)Data depen-
denciesarede ned asfollows. Eachtaskrequiresasinput a sequencef inputitems
from its predecessdior synchronizegequencefom its predecessorsfor eachinput
itemit generateanoutputitemto be usedby its successofor synchronizedyroupsof

items,eachgroupto bedistributedamongits successors).

Designsbasedn this patternincludethefollowing key elements:

A way of de ning theelementf the pipeline,whereeachelemenitcorresponds
to oneof thefunctionsthatmake up the computation.In alinear pipeline(such
asthe‘linear pipeline” of Figure6), theseelementsarethestage®f thepipeline;
in amorecomple pipeline(suchasthe “non-linearpipeline” of Figure6) there
canbe morethanone elementper pipeline stage. Eachpipeline elementwill
correspondo onetask.

A way of representinghe data ow amongpipelineelementsi.e., how thefunc-
tionsarecomposed.

A way of schedulinghetasks.

Keyelements

De ning the elementsof the pipeline. Whatis needechereis a programstruc-
tureto hold the computationsssociatedvith eachstage.Therearemary ways
to dothis. A particularlyeffective approachis anSPMDM programin which the
ID associateavith the UE'® selectsoptionsin a casestatementwith eachcase
correspondingo a stageof thepipeline.

Representingthe data o w among pipeline elements. Whatis needechereis

a mechanisnthat provides for the orderly o w of databetweenstagesn the
pipeline. This is relatively straightforward to accomplishin a message-passing
ernvironmentby assigningone procesgo eachfunction andimplementingeach
function-to-functionconnection(betweensuccessie stagef the pipeline)via

a sequencef messagebetweerthe correspondingasks. Sincethe stagesare
hardlyever perfectlysynchronizedandtheamountof work carriedout at differ-
entstagesalmostalwaysvaries,this o w of databetweerpipeline stagesnust

14gingle program,multiple data”— a parallel-programmingtyle in which eachthreador processuns
the sameprogram but on differentdata.

15Unit of execution— genericterm for one of a collection of concurrently-gecutingentities, usually
eitherprocessesr threads.
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usuallybe both bufferedandordered.Most message-passirggvironment(e.g.,
MPI) male this easyto do.

If amessage-passimogrammingervironmentis notagood t with thetarget
platform, you will needto explicitly connectthe stagesn the pipelinewith a
bufferedchannel. Sucha bufferedchannelcanimplementedasa sharedqueue

(usingShaedQueud®).

Schedulingthe tasks. Whatis neededereis away of schedulinghetasksthat
malke upthedesign.Usuallyall tasksarescheduledo executeconcurrently(e.g.,
aselementof an SPMD program),sincethis avoids bottlenecksand potential
deadlock.

Correctnessgssues

Whatmakesconcurreng possiblenhereis therequirementhatfor differentstages
m and n of the pipeline, and differentelementsC; andC; of the sequencef
calculationsto be performed,stagem of the calculationfor C; canbe donein-
dependentlyof stagen of the calculationfor Cj. The tasksthat make up the
pipeline shouldthereforebe independentexceptfor the interactionneededo
passdatafrom one stageto the next. This happensaturallyin a distributed-
memoryervironment;in a shared-memorgrvironment,it canbe guaranteed
by (i) makingsurethe mechanisnusedto passdatafrom onepipelinestageto
thenext is correctlyimplementede.g.,by usinga concurreng-safesharecdata
structuresuchasShaedQueugand(ii) notallowing tasksto modify ary shared
variablesexceptthoseusedin this mechanism.

Examples

Fourier-transform computations

A typeof calculationwidely usedin signalprocessingnvolvesperformingthefollow-
ing computatiorrepeatedlyon differentsetsof data:

Performa discreteFouriertransform(DFT) on a setof data.
Manipulatetheresultof thetransformelementwise.
PerformaninverseDFT ontheresultof the manipulation.

Examplesof suchcalculationsinclude convolution, correlation,and Itering opera-
tions,asdiscussedh [8].
A calculationof this form caneasilybe performedby athree-stag@ipeline:

The rst stageof thepipelineperformstheinitial Fouriertransformiit repeatedly
obtainsonesetof inputdata,performsthetransform,andpassesheresultto the
secondstageof the pipeline.

18A patternin the SupportingStructsdesignspace.
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Thesecondtageof thepipelineperformsthedesiredelementwisenanipulation;
it repeatedlyobtainsa partial result(of applyingtheinitial Fouriertransformto
aninput setof data)from the rst stageof the pipeline,performsits manipula-
tion, andpassesheresultto thethird stageof the pipeline.

The third stageof the pipeline performsthe nal inverseFourier transform;it

repeatedlyobtainsa partial result(of applyingtheinitial Fouriertransformand
thenthe elementwisenanipulatiorto aninput setof data)from the secondstage
of the pipeline,performstheinverseFouriertransformandoutputstheresult.

Eachstageof the pipelineprocessesnesetof dataat atime. However, exceptduring

theinitial “lling” of the pipeline,all stagesf the pipelinecanoperateconcurrently;
while the rst stageis processinghe N-th setof data,the secondstageis processing
the(N 1)-th setof dataandthethird stages processinghe(N 2)-th setof data.

Known uses
Imageprocessingpplications.
Problemsn the CMU task-paralleFortrantestsuite[1].

Otherpipelinedcomputationsasdescribedn [5].

Related Patterns

This patternis very similar to the Pipesand Filters patternof [2]; the key differ-
enceis that this patternexplicitly discussexoncurreng. This patternis similar to
AsyndironousCompositiof in thatboth patternsapplyto problemswhereit is natural
to decompos¢he computationinto a collectionof semi-independergntities. The dif-
ferencds thatin PipelinePocessingtheseentitiesinteractin amoreregularway, with
all “stages”of the pipelineproceedingn a looselysynchronousvay, whereasn the
AsyntironousCompositiopattern,thereis no suchrequirementandthe entitiescan
interactin veryirregularandasynchronousays.
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