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Abstract

We areinvolved in an effort to develop a patternlanguagefor parallelappli-
cation programs. The patternlanguageconsistsof a set of patternsthat guide
the programmerthroughthe entireprocessof developinga parallelprogram,in-
cludingpatternsthathelp �nd the concurrency in theproblem,patternsthathelp
�nd theappropriatealgorithmstructureto exploit theconcurrency in parallelex-
ecution,andpatternsdescribinglower-level implementationissues.The current
versionof thepatternlanguagecanbeseenathttp://www.cise.ufl.edu/
research/ParallelPatterns .

In this paper, we presentthreepatternsfrom our patternlanguage,selected
from thesetof patternsthatareusedaftertheproblemhasbeenanalyzedto iden-
tify theexploitableconcurrency. ChooseStructureaddressesthequestionof how to
selectanappropriatepatternfrom theothersin thisset.DivideAndConqueris used
whentheproblemcanbesolvedby recursively dividing it into subproblems,solv-
ing eachsubproblemindependently, andthenrecombiningthesubsolutionsinto a
solutionto theoriginalproblem.PipelineProcessingis usedwhentheproblemcan
bedecomposedinto orderedgroupsof tasksconnectedby datadependencies.

1 Intr oduction

1.1 Overview

We areinvolved in aneffort to designa patternlanguagefor parallelapplicationpro-
grams.Thegoalof thepatternlanguageis to lower thebarrierto parallelprogramming
by guiding the programmerthroughthe entireprocessof developinga parallel pro-
gram. In our vision of parallelprogramdevelopment,theprogrammerbringsinto the
processa goodunderstandingof theactualproblemto besolved, thenworks through
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thepatternlanguage,eventuallyobtainingadetaileddesignor evenworkingcode.The
patternlanguageis organizedinto four designspaces,whicharevisitedin order.

� TheFindingConcurrencydesignspaceincludeshigh-level patternsthathelp�nd
theconcurrency in a problemanddecomposeit into a collectionof tasks.(The
patternsin thisdesignspacearepresentedin [7].)

� TheAlgorithmStructure designspacecontainspatternsthathelp �nd anappro-
priate algorithm structureto exploit the concurrency that hasbeenidenti�ed.
(Threepatternsfrom thisdesignspacearepresentedin [6].)

� TheSupportingStructuresdesignspaceincludespatternsthatdescribeusefulab-
stractdatatypesandothersupportingstructures.

� The ImplementationMechanismsdesignspacecontainspatternsthat describe
lower-level implementationissues.

Thelatter two designspaces(slightly stretchingthetypical notionof a pattern)might
even includereusablecodelibrariesor frameworks. We usea patternformat for all
four levelssothatwe canaddressa varietyof issuesin a uni�ed way. Thecurrent,in-
complete,versionof thepatternlanguagecanbeseenathttp://www.cise.ufl.
edu/research/ParallelPatterns . It consistsof a collectionof extensively
hyperlinked documents,suchthat the designercan begin at the top level and work
throughthepatternlanguageby following links.

In this paper, ratherthandescribingthe patternlanguageasa whole, we present
thecompletetext of threeselectedpatternsfrom theAlgorithmStructure designspace.
Thechosenpatternsarerelatively mature,andsigni�cant enoughto standalone.The
patternsin theAlgorithmStructure designspacehelp thedesigner�nd anappropriate
algorithm structuresuitablefor parallel implementationand are applicableafter the
concurrency in a problemhasbeenidenti�ed. Thus,beforeattemptingto apply these
patternsthedesignershouldhave determined(i) how to decomposetheprobleminto
tasksthat canexecuteconcurrently, (ii) which datais local to the tasksandwhich is
sharedamongtasks,and(iii) whatorderinganddatadependenciesexist amongtasks.

The concurrency in parallelprogramsintroducespotentiallynondeterministicbe-
havior andthe possibility of raceconditions. Correctnessconcernsthusplay a large
role in parallelprogrammingandareaddressedby describingconstraintson theprob-
lem andimplementation.Thegoal is to provide rulesthat, if followed,will preclude
concurrency errors.Theseconstraintsaretypically described�rst in informal but pre-
ciselanguage;in somecasesthis informaldiscussionis followedby amoreformaland
detaileddiscussionincludingreferencesto supportingtheory.

1.2 Example

As mentionedabove,beforeattemptingto applypatternsfrom theAlgorithmStructure
designspace,thedesignershouldhave analyzedtheproblemto identify potentialcon-
currency. As anexampleof this analysis,considerthe following problemtaken from
the�eld of medicalimaging.(Thisexampleis presentedin moredetailin [7].) Wecan
decomposethisproblemin two ways— in termsof tasksandin termsof data.
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An importantdiagnostictool is to give a patienta radioactive substanceandthen
watchhow that substancepropagatesthroughthe body by looking at the distribution
of emittedradiation.Unfortunately, theimagesareof low resolution,duein partto the
scatteringof theradiationasit passesthroughthebody. It isalsodif�cult to reasonfrom
theabsoluteradiationintensities,sincedifferentpathwaysthroughthebodyattenuate
theradiationdifferently.

To solve this problem,medicalimagingspecialistsbuild modelsof how radiation
propagatesthroughthebodyandusethesemodelsto correctthe images.A common
approachis to build a MonteCarlomodel.Randomlyselectedpointswithin thebody
areassumedto emit radiation(usuallya gammaray), andthe trajectoryof eachray
is followed. As a particle(ray) passesthroughthebody, it is attenuatedby thediffer-
entorgansit traverses,continuinguntil theparticleleavesthebodyandhits a camera
model,therebyde�ning afull trajectory. To createastatisticallysigni�cant simulation,
thousandsif notmillions of trajectoriesarefollowed.

Theproblemcanbeparallelizedin two ways.Sinceeachtrajectoryis independent,
it would bepossibleto parallelizetheapplicationby associatingeachtrajectorywith a
task.Anotherapproachwouldbeto partitionthebodyinto sectionsandassigndifferent
sectionsto differentprocessingelements.

As in many ray-tracingcodes,therearenodependenciesbetweentrajectories,mak-
ing thetask-baseddecompositionthenaturalchoice.By eliminatingtheneedto man-
agedependencies,thetask-basedalgorithmalsogivestheprogrammerplentyof �e xi-
bility laterin thedesignprocess,whenhow to schedulethework on differentprocess-
ing elementsbecomesimportant.

The datadecomposition,however, is muchmoreeffective at managingmemory
utilization. This is frequentlythecasewith adatadecompositionascomparedto atask
decomposition. Sincememory is decomposed,data-decompositionalgorithmsalso
tendto bemorescalable.Theseissuesareimportantandpoint to theneedto at least
considerthetypesof platformsthatwill besupportedby the�nal program.Theneed
for portability drivesoneto make decisionsabouttargetplatformsaslateaspossible.
Therearetimes,however, whendelayingconsiderationof platform-dependentissues
canleadoneto chooseapooralgorithm.

1.3 In this paper

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

� ChooseStructure addressesthequestionof how to selectanappropriatepattern
from theothersin thisset.

� DivideAndConqueris usedwhenthe problemcanbe solved by recursively di-
viding it into subproblems,solving eachsubproblemindependently, and then
recombiningthesubsolutionsinto asolutionto theoriginalproblem.

� PipelineProcessingis usedwhenthe problemcanbe decomposedinto ordered
groupsof tasksconnectedby datadependencies.
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Eachnumberedmajorsectionrepresentsonedocumentin thecollectionof hyperlinked
documentsmakingupourpatternlanguage;eachdocumentrepresentsonepattern.To
make thepaperself-contained,we replacehyperlinkswith text formattedlike this and
footnotesor citations. To make it easierto identify patternsandpatternsections,we
formatpatternnamesasSomePatternandpatternsectionnamesasSomeSection.

2 The ChooseStructurePattern

Problem

After youhaveanalyzedyourproblemto identify exploitableconcurrency, how doyou
usetheresultsto chooseastructurefor theparallelalgorithm?

Context

The �rst phaseof designinga parallel algorithm usually consistsof analyzingthe
problem to identify exploitable concurrency, usually by using the patternsof the
FindingConcurrency1 designspace.After performingthis analysis,you shouldhave
(1) a way of decomposingthe probleminto a numberof tasks,(2) an understanding
of how theproblem's datais decomposedontoandsharedamongthetasks,and(3) an
orderingof taskgroupsto expresstemporalor otherconstraintsamongthe tasks.To
re�ne thedesignfurtherandmove it closerto a programthatcanexecutethesetasks
concurrently, you needto mapthe concurrency onto the multiple units of execution
(UEs)2 thatrunonaparallelcomputer.

Of the countlessways to de�ne an algorithmstructure,most follow oneof nine
basicdesignpatterns.Thekey issueis to decidewhich patternis mostappropriatefor
yourproblem.

Forces

Therearecompetingforcesto keepin mind in decidingwhich overall structure�ts
yourproblembest:

� Differentaspectsof theanalysismaypull thedesignin thedirectionof different
structures.

� A goodalgorithmdesignmuststrikeabalancebetween(1) abstractionandporta-
bility and(2) suitability for a particulartargetarchitecture.Thechallengefaced
by thedesigner, especiallyat thisearlyphaseof thealgorithmdesign,is to leave
theparallelalgorithmdesignabstractenoughto supportportability while ensur-
ing that it caneventuallybeimplementedeffectively for theparallelsystemson
which it will beexecuted.

Thispatterndescribesawayof balancingtheseforcesandchoosinganoverallstructure
for thealgorithm.

1A setof patternsin ourpatternlanguage;see[7].
2Generictermfor acollectionof concurrently-executingentities,usuallyeitherprocessesor threads.
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Solution

Overview

Ourapproachto usingtheresultsof thepreliminaryanalysisto chooseanoverallstruc-
turefor thealgorithmhasfour majorsteps:

� Target platform: Whatconstraintsareplacedon theparallelalgorithmby the
targetmachineor programmingenvironment?

� Major organizingprinciple: Whenyouconsidertheconcurrency in yourprob-
lem, is therea particularway of looking at it that standsout and provides a
high-level mechanismfor organizingthisconcurrency? Noticethatin somesitu-
ations,a gooddesignmaymake useof multiple algorithmstructures(combined
hierarchically, compositionally, or in sequence),andthis is thepoint at which to
considerwhethersuchadesignmakessensefor yourproblem.

� The AlgorithmStructure decisiontr ee: For eachsubsetof tasks,how do you
selectanAlgorithmStructure designpatternthatmosteffectively de�neshow to
mapthetasksontoUEs?

� Re-evaluation: Is this chosenAlgorithmStructure pattern(or patterns)suitable
for your targetplatform?

Steps

� Consider the target platform. Whatconstraintsareplacedon your designby
the targetcomputerandits supportingprogrammingenvironments?In an ideal
world, it would not benecessaryto considersuchquestionsat this stageof the
design,anddoingsoworksagainstkeepingtheprogramportable(which is also
desirable).This is not an ideal world, however, andif you do not considerthe
major featuresof your targetplatform,you risk comingup with a designthat is
dif�cult to implementef�ciently .

The primary issueis how many UEs (processesor threads)your systemwill
effectively support,sinceanalgorithmthatworkswell for tenUEsmaynotwork
well at all for hundredsof UEs. You do not necessarilyneedto decideon a
speci�c number(in factto dosowouldoverly constraintheapplicabilityof your
design),but youdoneedto decideonanorder-of-magnitudenumberof UEs.

Anotherissueis how expensive it is to shareinformationamongUEs. If thereis
hardwaresupportfor sharedmemory, informationexchangetakesplacethrough
sharedaccessto commonmemory, andfrequentdatasharingmakessense.If the
target is a collectionof nodesconnectedby a slow network, however, sharing
informationis very expensive, andyour parallelalgorithmmustavoid commu-
nicationwherever possible.

Whenthinking aboutbothof theseissues— thenumberof UEsandthecostof
sharinginformation— avoid the tendency to over-constrainyour design.Soft-
wareusuallyoutliveshardware,soover thecourseof a program's life, you may
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needto supportatremendousrangeof targetplatforms.Youwantyouralgorithm
to meettheneedsof your targetplatform,but at thesametime,youwantto keep
it �e xible soit canadaptto differentclassesof hardware.

Also, rememberthat in additionto multiple UEs andsomeway to shareinfor-
mationamongthem,aparallelcomputerhasoneor moreprogrammingenviron-
mentsthat canbe usedto implementparallelalgorithms. Do you know which
parallelprogrammingenvironmentyou will usefor codingyour algorithm? If
so, what doesthis imply abouthow tasksarecreatedandhow information is
sharedamongUEs?

� Identify the major organizing principle. Considertheconcurrency you found
usingthepatternsof theFindingConcurrencydesignspace.It consistsof tasks
andgroupsof tasks,data(bothsharedandtask-local),andorderingconstraints
amongtaskgroups.Your next stepis to �nd an algorithmstructurethat repre-
sentshow thisconcurrency mapsontotheUEs.The�rst stepis to �nd themajor
organizingprinciple implied by theconcurrency. This usuallyfalls into oneof
threecamps:organizationby orderings, organizationby tasks, or organization
by data. Algorithms in the �rst two groupsare task-parallel,sincethe design
is guidedby how thecomputationis decomposedinto tasks.Algorithms in the
third group are data-parallel,becausehow the datais decomposedguidesthe
algorithm.Wenow considereachof thesein moredetail.

For someproblems,themajorfeatureof theconcurrency is thepresenceof well-
de�ned interactinggroupsof tasks,andthe key issueis how thesegroupsare
orderedwith respectto eachother. For example,a GUI-driven programmight
beparallelizedby decomposingit into a taskthatacceptsuserinput, a taskthat
displaysoutput,andoneor morebackgroundcomputationaltasks,with thetasks
interactingvia “events” (e.g., the userdoessomething,or a part of the back-
groundcomputationcompletes).Herethe major featureof the concurrency is
theway in which thesedistincttaskgroupsinteract.

For otherproblems,thereis reallyonly onegroupof tasksactiveatonetime,and
the way the taskswithin this groupinteractis the major featureof the concur-
rency. Examplesincludeso-called“embarrassinglyparallel” programsin which
thetasksarecompletelyindependent,aswell asprogramsin which thetasksin
asinglegroupcooperateto computea result.

Finally, for someproblems,thewaydatais decomposedandsharedamongtasks
standsout as the major way to organizethe concurrency. For example,many
problemsfocuson the updateof a few large datastructures,andthe mostpro-
ductivewayto think abouttheconcurrency is in termsof how thisstructureis de-
composedanddistributedamongUEs. Programsto solve differentialequations
or performlinearalgebraoften fall into this category, sincethey arefrequently
basedonupdatinglargedatastructures.

As you think aboutyour problemand searchfor the most productive way to
begin organizingyourconcurrency andmappingit ontoUEs,rememberthatthe
mosteffective parallelalgorithmdesignmay be hierarchicalor compositional:
It oftenhappensthatthevery top level of thedesignis a sequentialcomposition
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of oneor moreAlgorithmStructure patterns(for example,a loop whosebodyis
an instanceof anAlgorithmStructure pattern).Otherdesignsmaybeorganized
hierarchically, with onepatternusedto organizetheinteractionof themajortask
groupsandotherpatternsusedto organizetaskswithin thegroups.

� Identify the pattern(s) to use. Having consideredthe questionsraisedin the
precedingsections,youarenow readyto selectanalgorithmstructure,guidedby
anunderstandingof constraintsimposedby yourtargetplatform,anappreciation
of the role of hierarchy andcomposition,anda major organizingprinciple for
your problem. You make the selectionby working throughthe decisiontree
presentedin Figure1 Startingat the top of the tree,consideryour concurrency

PipelineProcessing AsynchronousComposition

Regular Irregular

OrganizeByOrdering OrganizeByTasks

Recursive

Partitioning DivideAndConquer

Linear

Dependent

EmbarrassinglyParallel

Independent

Separable Dependencies Inseparable Dependencies

SeparableDependencies ProtectedDependencies

GeometricDecomposition

Linear

OrganizeByData

Recursive

RecursiveData

Terminal pattern

Decision/branch point

Decision

Key

Start

Figure1: Decisiontreefor theAlgorithmStructure designspace.

andthemajororganizingprinciple,andusethis informationto selectoneof the
threebranchesof the tree;thenfollow thediscussionbelow for theappropriate
subtree.Noticeagainthatfor someproblemsthe�nal designmaycombinemore
thanonealgorithmstructure;if nooneof thesestructuresseemssuitablefor your
problem,it may be necessaryto divide the tasksmakingup your probleminto
two or moregroups,work throughthisprocedureseparatelyfor eachgroup,and
thendeterminehow to combinetheresultingalgorithmstructures.

– OrganizeBy Ordering. Selectthe OrganizeByOrdering subtreewhenthe
majororganizingprinciple is how thegroupsof tasksareorderedwith re-
spectto eachother. This patterngrouphastwo members,re�ecting two
waystaskgroupscanbe ordered.Onechoicerepresents“regular” order-
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ingsthatdo not changeduringthealgorithm;theotherrepresents“irregu-
lar” orderingsthataremoredynamicandunpredictable.

� PipelineProcessing3: Theproblemisdecomposedintoorderedgroups
of tasksconnectedby datadependencies.

� AsynchronousComposition4: Theproblemis decomposedinto groups
of tasksthatinteractthroughasynchronousevents.

– OrganizeBy Tasks. Selectthe OrganizeByTaskssubtreewhenthe execu-
tionof thetasksthemselvesis thebestorganizingprinciple.Therearemany
waysto work with such“task-parallel”problems,makingthis the largest
groupof patterns.The�rst decisionto make is how thetasksareenumer-
ated.If they canbegatheredinto asetlinearin any numberof dimensions,
take the Partitioning branch. If the tasksareenumeratedby a recursive
procedure,take theTreebranch.
If the Partitioning branchis selected,the next questionis to considerthe
dependenciesamongthe tasks. If thereare no dependenciesamongthe
tasks(i.e., the tasksdo not needto exchangeinformation), thenyou can
usethefollowing patternfor youralgorithmstructure:

� EmbarrassinglyParallel5: The problemis decomposedinto a set of
independenttasks.Mostalgorithmsbasedon taskqueuesandrandom
samplingareinstancesof thispattern.

If therearedependenciesamongthetasks,youneedto decidehow they can
beresolved. For a largeclassof problems,thedependenciesareexpressed
by write-onceupdatesor associative accumulationinto shareddatastruc-
tures. In thesecases,thedependenciesareseparableandyou canusethe
following algorithmstructure:

� SeparableDependencies6: Theparallelismis expressedby splittingup
tasksamongunitsof execution.Any dependenciesamongtaskscanbe
pulledoutsidetheconcurrentexecutionby replicatingthedataprior to
theconcurrentexecutionandthenreducingthereplicateddataafterthe
concurrentexecution. That is, oncethe datahasbeenreplicated,the
problemis greatlysimpli�ed andlookssimilar to theembarrassingly
parallelcase.

If the dependenciesinvolve true information-sharingamongconcurrent
tasks,however, youcannotuseatrick to maketheconcurrency look likethe
simpleembarrassinglyparallelcase.Thereis no way to getaroundexplic-
itly managingthesharedinformationamongtasks,andyou will probably
needto usethefollowing pattern:

� ProtectedDependencies7: Theparallelismis expressedby splitting up
tasksamongunits of execution. In this case,however, variablesin-

3Section4 of thispaper.
4A patternin theAlgorithmStructure designspace.
5A patternin theAlgorithmStructure designspace;see[6].
6A patternin theAlgorithmStructure designspace;see[6].
7A patternin theAlgorithmStructure designspace.
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volvedin datadependenciesarebothreadandwritten duringthecon-
currentexecutionandthuscannotbepulledoutsidetheconcurrentex-
ecutionbut mustbe managedduring the concurrentexecutionof the
tasks.Noticethat theexchangeof messagesis logically equivalentto
sharinga region of memory, so this casecoversmorethanjust tradi-
tional shared-memoryprograms.

This completesthe Partitioning branch;now considerthe patternsin the
Treebranch.Herewe have two cases.Thesecasesarevery similar, differ-
ing in how thesubproblemsaresolvedoncethetaskshavebeenrecursively
generated:

� DivideAndConquer8: The problemis solved by recursively dividing
it into subproblems,solvingeachsubproblemindependently, andthen
recombiningthesubsolutionsinto asolutionto theoriginalproblem.

– OrganizeBy Data. Selectthe OrganizeByDatasubtreewhenthe decom-
positionof thedatais themajororganizingprinciple in understandingthe
concurrency. Thereare two patternsin this group, differing in how the
decompositionis structured— linearly in eachdimensionor recursively.

� GeometricDecomposition9: The problemspaceis decomposedinto
discretesubspaces;theproblemis thensolvedby computingsolutions
for thesubspaces,with thesolutionfor eachsubspacetypically requir-
ing datafrom a smallnumberof othersubspaces.Many instancesof
this patterncanbefoundin scienti�c computing,whereit is usefulin
parallelizinggrid-basedcomputations,for example.

� RecursiveData10: Theproblemis de�ned in termsof following links
througha recursivedatastructure.

� Re-evaluate. After choosingoneor moreAlgorithmStructurepatternsto beused
in your design,skim throughtheir descriptionsto be surethey arereasonable
suitablefor your targetplatform. (For example,if your targetplatformconsists
of a largenumberof workstationsconnectedby aslow network, andoneof your
chosenAlgorithmStructurepatternsrequiresfrequentcommunicationbetween
tasks,youarelikely to havetroubleimplementingyourdesignef�ciently .) If the
chosenpatternsseemwildly unsuitablefor your targetplatform,try identifying
asecondaryorganizingprincipleandworking throughtheprecedingstepagain.

Examples

Medical imaging

For example, consider the medical imaging problem described in
DecompositionStrategy11. This application simulatesa large number of gamma

8Section3 of thispaper.
9A patternin theAlgorithmStructure designspace;see[6].

10A patternin theAlgorithmStructure designspace.
11A patternin the FindingConcurrencydesignspace;see[7]. This exampleis alsosummarizedin Sec-

tion 1 of thispaper.
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rays as they move througha body and out to a camera. One way to describethe
concurrency is to de�ne the simulation of eachray as a task. Since they are all
logically equivalent,weput theminto asingletaskgroup.Theonly datasharedamong
thetasksareread-onlyaccessesto a largedatastructurerepresentingthebody. Hence
thetasksdonotdependoneachother.

Becausefor thisproblemtherearemany independenttasks,it is lessnecessarythan
usualto considerthetargetplatform: The largenumberof tasksshouldmeanthatwe
canmake effective useof any (reasonable)numberof UEs; the independenceof the
tasksshouldmeanthatthecostof sharinginformationamongUEswill nothavemuch
effectonperformance.

Thus, we shouldbe able to choosea suitablestructureby working throughthe
decisiontreein Figure1. Giventhatin thisproblemthetasksareindependent,theonly
issuewe really needto worry aboutaswe selectanalgorithmstructureis how to map
thesetasksontoUEs. That is, for this problemthemajororganizingprincipleseems
to be the way the tasksareorganized,so we startby following the OrganizeByTasks
branch.

We now considerthenatureof our setof tasks.Are the tasksarrangedhierarchi-
cally, or do they residein anunstructuredor �at set?For this problem,thetasksarein
anunstructuredsetwith no obvioushierarchicalstructureamongthem,sowe follow
thePartitioning branchof thedecisiontree.

The next decisiontakes into accountthe dependenciesamongthe tasks. In this
example,thetasksareindependent.This impliesthatthealgorithmstructureto usefor
this problemis describedin EmbarrassinglyParallel. (Notice,by theway, thatanem-
barrassinglyparallelalgorithmshouldnot beviewedastrivial to implement— much
carefuldesignwork is still neededto comeup with a correctprogramthatef�ciently
schedulesthesetof independenttasksfor executionon theUEs.)

Finally, we review this decisionin light of possibletarget-platformconsiderations.
As we observed earlier, the key featuresof this problem(the large numberof tasks
andtheir independence)make it unlikely thatwe will needto reconsiderbecausethe
chosenstructurewill bedif�cult to implementon thetargetplatform.Nevertheless,to
becarefulwealsoreview EmbarrassinglyParallel; fortunately, it appearsto besuitable
for avarietyof targetplatforms.

3 The DivideAndConquerpattern

Problem

How canyou exploit thepotentialconcurrency in a problemthatcanbesolvedusing
thedivide-and-conquerstrategy?

Context

Considerthe divide-and-conquerstrategy employed in many sequentialalgorithms.
With this strategy, a problemis solvedby splitting it into subproblems,solving them
independently, andmerging their solutionsinto a solutionfor thewholeproblem.The
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subproblemscanbesolveddirectly, or they canin turnbesolvedusingthesamedivide-
and-conquerstrategy, leadingto anoverall recursive programstructure.Thepotential
concurrency in this strategy is not hardto see:Sincethe subproblemsaresolved in-
dependently, their solutionscan be computedconcurrently. Figure 2 illustratesthe
strategy andthepotentialconcurrency.

problem

solution

split

subproblem

subproblem

subproblem

subsolution

subsolution

subsolution

split

solvesolve

merge

merge

sequential

��������� -way
concurrency

�������
	 -way
concurrency

��������� -way
concurrency

sequential

subproblem

subproblem

subproblem

subsolution

subsolution

subsolution

split

solve solve

merge

Figure2: Thedivide-and-conquerstrategy.

The divide-and-conquerstrategy canbe moreformally describedin termsof the
following functions(whereN is aconstant):

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

� Problem[] split(Problem P) : Split a problem into N subproblems,
eachstrictly smallerthantheoriginalproblem(returnsthesubproblems).

� Solution merge(Solution[] subS) : MergeN subsolutionsinto solu-
tion (returnsthemergedsolution).

� 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 a base-caseproblem(returns
its solution).

Thestrategy thenleadsto thetop-level programstructureshown 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++)

subSolutions[i] = solve(subProblems[i]);
return merge(subSolutions);

}
}

Figure3: Sequentialpseudocodefor thedivide-and-conquerstrategy.

Indications

UseDivideAndConquerwhen:

� Theproblemcanbesolvedusingthedivide-and-conquerstrategy, with subprob-
lemsbeingsolvedindependently.

Thispatternis particularlyeffectivewhen:

� The amountof work requiredto solve the basecaseis large comparedto the
amountof work requiredfor therecursive splitsandmerges.

� Thesplit producessubproblemsof roughlyequalsize.

Forces

� Thetraditionaldivide-and-conquerstrategy is a widely usefulapproachto algo-
rithm design.Algorithmsbasedon this strategy arealmosttrivial to parallelize
basedon theobviousexploitableconcurrency.

� As Figure 2 suggests,however, the amountof exploitable concurrency varies
over the life of theprogram;at theoutermostlevel of therecursion(initial split
and�nal merge)thereis noexploitableconcurrency, while at theinnermostlevel
(base-casesolves) the numberof concurrently-executabletasksis the number
of base-caseproblems(which is often the sameasthe problemsize). Ideally,
you would like to alwayshave at leastasmany concurrently-executabletasksas
processors,andclearly this patternfalls short in that respect,andthe problem
only getsworseas you increasethe numberof processors,so in generalthis
patterndoesnotscalewell.

� This patternis moreef�cient whenthesubproblemsinto which eachproblemis
split areroughlyequalin size/ computationalcomplexity.
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Solution

Overview

If thesubproblemsof agivenproblemcanbesolvedindependently, thenyoucansolve
themin any orderyou like, includingconcurrently. Thismeansthatyoucanproducea
parallelapplicationby replacingthefor loopof Figure3 with aparallel-forconstruct,
sothatthesubproblemswill besolvedconcurrentlyratherthanin sequence.It is worth
noting at this point that programcorrectnessis independentof whetherthe subprob-
lemsaresolvedsequentiallyor concurrently, soyoucanevendesignahybrid program
thatsometimessolvesthemsequentiallyandsometimesconcurrently, basedon which
approachis likely to bemoreef�cient (moreaboutthis later).

This strategy canbemappedontoa designin termsof tasksby de�ning onetask
for eachinvocationof thesolve function,asillustratedin Figure4 (rectangularboxes
correspondto tasks).

split

base-case
solve

split

base-����� �

solve
base-case

solve

split

base-case
solve

merge

mergemerge

� �	�	
���
�������� ��
 ��������� ��� �	
���
��

Figure4: Parallelizingthedivide-and-conquerstrategy.

Notetherecursivenatureof thedesign,with eachtaskin effectgeneratingandthen
absorbingasubtaskfor eachsubproblem.

Notealsothateitherthesplit or themergephasecanbeessentiallyabsent:

� No split phaseis neededif all the base-caseproblemscanbe derived directly
from the whole problem(without recursive splitting). In this case,the overall
designwill look like thebottomhalf of Figures2 and4.
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� No merge phaseis neededif the problemcanbe consideredsolve whenall of
thebase-caseproblemshave beenidenti�ed andsolved. In this case,theoverall
designwill look like thetophalf of Figures2 and4.

Designsbasedon thispatternincludethefollowing key elements:

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

� A way of schedulingthetasksthatef�ciently exploits theavailableconcurrency
(subproblemscanbesolvedconcurrently).

Keyelements

� De�nitions of functions. It is usually straightforward to producea program
structurethatde�nestherequiredfunctions:Whatis requiredis almostthesame
asthe equivalentsequentialprogram,exceptfor codeto scheduletasks,asde-
scribedin thenext section.

� Scheduling the tasks. Wherea parallel divide-and-conquerprogramdiffers
from its sequentialcounterpartis thattheparallelversionis alsoresponsiblefor
schedulingthe tasksin a way thatexploits thepotentialconcurrency (subprob-
lemscanbesolvedconcurrently)ef�ciently .

The simplestapproachis to simply replacethe sequentialfor loop over sub-
problemswith a parallel-for construct,allowing thecorrespondingtasksto ex-
ecuteconcurrently. (Thus,in Figure4, thetwo lower-level splitsexecuteconcur-
rently, the four base-casesolvesexecuteconcurrently, andthe two lower-level
mergesexecuteconcurrently.) To improve ef�ciency (asdiscussedlater in this
section),youcanalsouseacombinationof parallel-for constructsandsequen-
tial for loops, typically using parallel-for at the top levels of the recursion
andsequentialfor at the moredeeplynestedlevels. In effect, this approach
combinesparalleldivide-and-conquerwith sequentialdivide-and-conquer.

Corr ectnessissues

Mostof thecorrectnessissuesin implementingthispatternarethesameonesinvolved
in sequentialdivide-and-conquer, plusafew additionalrestrictionsto maketheconcur-
rency work properly.

� Considering�rst the sequentialdivide-and-conquerstrategy expressedin the
pseudocodeof Figure3, you canguaranteethat solve(P) returnsa correct
solutionof P if theotherfunctionsmeetthefollowing speci�cations,expressed
in termsof preconditionsandpostconditions.(As before,N is an integer con-
stant.)

– Solution baseSolve(Problem P) :
Precondition:baseCase(P) = true .
Postcondition:returnedvalueis asolutionof P.
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– Problem[] split(Problem P) :
Precondition:baseCase(P) = false .
Postcondition:returnedvalueis an arrayof N subproblems,eachstrictly
smallerthanP, whosesolutionscanbe combinedto give a solutionof P.
Here,“strictly smaller” meanssmallerwith respectto someinteger mea-
surethat,whensmallenough,indicatesabase-caseproblem.(Thisensures
thattherecursionis �nite.)

– Solution merge(Solution[] subS) :
Precondition:subS is anarrayof N solutionssuchthatfor someproblem
P andarrayof subproblemssubP = split(P) , subS[i] is asolution
of subP[i] , for all i from 1 throughN.
Postcondition:returnedvalueis asolutionof P.

� To maketheconcurrency work, it is suf�cient for thesolutionsof subproblemsto
becomputedindependently. Thatis, for two distinctsubproblemssubP[i] and
subP[j] of P, solve(subP[i]) and solve(subP[j]) must be com-
putedindependently. Thiswill betrueif neithercall to solve modi�es variables
sharedwith theothercall. If thesolutionsof subproblemscannotbecomputed
independently, thenany accessto sharedvariablesmustbe protectedwith ap-
propriatesynchronization.This, of course,tendsto reducetheef�ciency of the
calculation.

Ef�ciency issues

Effectiveuseof thispatterndependsonreducingthefractionof theprogram's lifespan
duringwhich therearefewer concurrently-executabletasksthanprocessors,andthere
areseveralfactorsthatcontributeto thisgoal:

� Having a problemwhosesplit andmergeoperationsarecomputationallytrivial
comparedto its base-casesolve.

� Having a problemsizethat is large comparedto the maximumnumberof pro-
cessorsavailableon thetargetenvironment.

� Reducingthe numberof levels of recursionrequiredto arrive at the base-case
solve by splitting eachprobleminto moresubproblems.This generallyrequires
somealgorithmicclevernessbut canbe quite effective, especiallyin the limit-
ing caseof “one-deepdivide-and-conquer”,in which the initial split is into P
subproblems,whereP is the numberof availableprocessors.Seethe Related
Patterns sectionfor morediscussionof thisstrategy.

� If problemsizeis largecomparedto thenumberof availableprocessors,atsome
point in the computationthe numberof concurrently-executabletaskswill ex-
ceedthenumberof processors.If you take thesimpleapproachof alwaysusing
theparallel-for constructto schedulethe taskscorrespondingto subproblems,
thisapproachproducesasituationin whichatsomepoint thenumberof unitsof
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executionexceedsthenumberof availableprocessors.If sucha situationwould
be inef�cient in the targetenvironment(i.e., if context-switchingamongUEs12

is expensive),or if thereis signi�cant overheadassociatedwith theparallel-for
construct,it will probablybe moreef�cient to usethe parallel-for construct
only for the outer levels of the recursion,switchingto a sequentialloop when
thetotalnumberof subproblems(numberof subproblemspersplit multipliedby
recursionlevel) exceedsnumberof availableprocessors.

Examples

Mergesort

Mergesortis awell-known sortingalgorithmbasedonthedivide-and-conquerstrategy,
appliedasfollows to sortanarrayof N elements:

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

� In thesplit phase,thearrayis split by simply partitioningit into two contiguous
subarrays,eachof sizeN=2 (or (N + 1)=2 and(N � 1)=2, if N is odd).

� In the solve-subproblemsphase,the two subarraysaresorted(by applyingthe
mergesortprocedurerecursively).

� In themergephase,thetwo (sorted)subarraysarerecombinedintoasinglesorted
arrayin theobviousway.

This algorithmis readilyparallelizedby performingthe two recursive mergesorts
in parallel.

Matrix diagonalization

[3] describesa parallelalgorithmfor diagonalizing(computingthe eigenvectorsand
eigenvaluesof) a symmetrictridiagonalmatrix T. The problemis to �nd a matrix
Q suchthat QT � T � Q is diagonal; the divide-and-conquerstrategy goesas follows
(omitting themathematicaldetails):

� Thebasecaseis a 1-by-1matrix,which is alreadydiagonalandcanbereturned
without furtherprocessing.

� The split phaseconsistsof �nding matrix T0 and vectors u, v, such that
T = T0+ uvT , andT0hastheform

�
T1 0
0 T2

�

whereT1 andT2 aresymmetrictridiagonalmatrices(which canbediagonalized
by recursive callsto thesameprocedure).

12Units of execution— genericterm for a collectionof concurrently-executingentities,usuallyeither
processesor threads.
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� Themergephaserecombinesthediagonalizationsof T1 andT2 into a diagonal-
izationof T.

Detailscanbefoundin [3] or in [4].

Other known uses

� Classicalgraphandotheralgorithms.Any introductoryalgorithmstext will have
many examplesof algorithmsbasedon thedivide-and-conquerstrategy, mostof
which can be parallelizedwith this pattern. (As notedin the Consequences
section,however, suchparallelizationsarenotalwaysef�cient.)

� LeslieGrignard's FastMultipole Algorithm.

� FloatingPointSystems'FFT (FastFourierTransform— analgorithmfor com-
putingdiscreteFouriertransforms).

� Tree-basedreductions,particularlyfor thePRAM model,asdescribedin [5].

� Certainwell-known algorithmsfor solvingtheN-bodyproblem,for examplethe
Barnes-Hutalgorithmandsomealgorithmsof JohnSalmon.

RelatedPatterns

It is interestingto notethatjustbecauseanalgorithmis basedona(sequential)divide-
and-conquerstrategy doesnot meanthat it mustbe parallelizedwith DivideAndCon-
quer. A hallmark of this patternis the recursive arrangementof the tasks,leading
to a varying amountof concurrency. Sincethis can be inef�cient, it is often better
to rethink the problemsuchthat it canbe mappedonto someotherpattern,suchas
GeometricDecompositionor SeparableDependencies13.

4 The PipelineProcessingPattern

Problem

If yourproblemcanbesolvedby analgorithmin whichdata�o ws throughasequence
of tasksor stages(a pipeline), how canyou exploit the potentialconcurrency in this
approach?

Context

The basicideaof this patternis muchlike the ideaof an assemblyline: To perform
a sequenceof essentiallyidentical calculations,eachof which can be broken down
into thesamesequenceof steps,we setup a “pipeline”, onestagefor eachstep,with
all stagespotentiallyexecutingconcurrently. Eachof the sequenceof calculationsis
performedby having the �rst stageof the pipeline perform the �rst step,and then

13Patternsin theAlgorithmStructure designspace.
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the secondstagethe secondstep,and so on. As eachstagecompletesa stepof a
calculation,it passesthecalculation-in-progressto thenext stageandbeginswork on
thenext calculation.

This maybeeasiestto understandby thinking in termsof theassembly-lineanal-
ogy: For example,supposethe goal is to manufacturea numberof cars,wherethe
manufactureof eachcarcanbeseparatedinto a sequenceof smalleroperations(e.g.,
installing a windshield). Thenwe cansetup an assemblyline (pipeline),with each
operationassignedto a differentworker. As the car-to-bemovesdown the assembly
line, it is built up by performingthe sequenceof operations;eachworker, however,
performsthesameoperationoverandover onasuccessionof cars.

Returningto a moreabstractview, if we call thecalculationsto beperformedC1,
C2, andsoforth, thenwecandescribeoperationof aPipelineProcessingprogramthus:
Initially, the �rst stageof the pipelineis performingthe �rst operationof C1. When
thatcompletes,thesecondstageof thepipelineperformsthesecondoperationonC1;
simultaneously, the �rst stageof the pipeline performsthe �rst stageof C2. When
both complete,the third stageof the pipelineperformsthe third operationon C1, the
secondstageperformsthesecondoperationonC2, andthe�rst stageperformsthe�rst
operationon C3. Figure5 illustrateshow this works for a pipelineconsistingof four
stages.

���������������	��
���
��	��� C1

time

C2 C3 C4 C5 C6

���������������	��
���
������ C1 C2 C3 C4 C5 C6

���������������	��
���
��	��� C1 C2 C3 C4 C5 C6

���������������	��
���
������ C1 C2 C3 C4 C5 C6

Figure5: Pipelinestages.

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

These�gures suggestthat we can representa pipelineasa directedgraph,with
verticescorrespondingto elementsof thecalculationandedgesindicatingdata�ow. To
preserve the ideaof the pipeline, it is necessarythat this graphbe acyclic, and it is
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Figure6: Examplepipelines.

probablybestif it doesnot departtoo muchfrom a basicallylinearstructure,in which
theelementscanbedividedinto stages,with eachstagecommunicatingonly with the
previousandnext stages.

We candescribethe linearcasemoreformally, asfollows: This patterndescribes
computationswhosegoal is to take a sequenceof inputsin1, in2, etc. andcomputea
sequenceof outputsout1, out2, etc.,wherethefollowing is true:

� outi canbecomputedfrom ini asacompositionof N functionsf (1) , f (2) , andso
on,where(letting � denotefunctioncomposition)

outi = f (N) � � � f (2) � f (1)(ini)

� For i and j different, and m and n different, the computationof out(m)
i is in-

dependentof the computationout(n)
j , wherewe have de�ned input andoutput

sequencesfor thefunctionsf (k) asfollows:

– out(m)
i = f (m)(in(m)

i )

– in(1)
i = ini

– out(N)
i = outi

– in(m+ 1)
i = out(m)

i , for mbetween1 andN � 1.

To restatethis less formally: For different stagesm and n of the pipeline, and
differentelementsCi andCj of thesequenceof calculationsto beperformed,stagem
of thecalculationfor Ci canbedoneindependentlyof stagen of thecalculationfor C j .
This is thekey restrictionin thispatternandis whatmakestheconcurrency possible.
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Indications

UsePipelineProcessingwhen:

� The problemconsistsof performinga sequenceof calculations,eachof which
canbe broken down into distinct stages,on a sequenceof inputs,suchthat for
eachinput the calculationsmust be donein order, but it is possibleto over-
lap computationof differentstagesfor differentinputsasindicatedin Figures5
and6.

Thepatternis particularlyeffective when:

� Thenumberof calculationsis largecomparedto thenumberof stages.

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

Thispatterncanalsobeeffective in combinationwith otherpatterns:

� As partof a hierarchicaldesign,in which thetasksmakingup eachstageof the
pipelineare internally organizedusing anotherof the AlgorithmStructure pat-
terns.

Forces

� This patterncanbestraightforward to implement(asdescribedin theSolution
sectionbelow), particularlyfor message-passingplatforms.

� However, in a pipelinealgorithm,concurrency is limited until all thestagesare
occupiedwith usefulwork. This is referredto as“�lling thepipeline”. At thetail
endof thecomputation,againthereis limited concurrency asthe�nal itemworks
its way throughthepipeline.This is called“draining thepipeline”. In orderfor
pipelinealgorithmsto beeffective, thetimespent�lling or drainingthepipeline
mustbesmallcomparedto thetotal timeof thecomputation.Thispatternthere-
fore is mosteffective whenthenumberof calculationsis largecomparedto the
numberof operations/stagesrequiredfor eachone.

� Also, eitherthestagesof thepipelinemustbekeptsynchronizedor theremust
be someway of buffering work betweensuccessive stages.The patternthere-
fore usuallyworks betterif the operationsperformedby the variousstagesof
thepipelineareall aboutequallycomputationallyintensive. If thestagesin the
pipelinevary widely in computationaleffort. The sloweststagede�nes a bot-
tleneckfor the algorithm's aggregatethroughput.Furthermore,a muchslower
stagein themiddleof thepipelinewill causedataitemsto backup on theinput
queue,potentiallyleadingto buffer over�ow problems.
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Solution

Overview

Viewing thepatternin termsof tasks,de�ne onetaskfor eachelementof thepipeline
(oneelementper stagein a linear pipeline,possiblymore for a nonlinearpipeline).
Eachtask can be thoughtof as having a predecessor(in the previous stage)and a
successor(in the next stage),with obvious exceptionsfor taskscorrespondingto the
�rst and last stagesof the pipelineanda straightforward generalizationto nonlinear
pipelines(wherea taskcanhave multiple predecessorsor successors).Datadepen-
denciesarede�ned asfollows. Eachtaskrequiresasinput a sequenceof input items
from its predecessor(or synchronizedsequencesfrom its predecessors);for eachinput
item it generatesanoutputitemto beusedby its successor(or synchronizedgroupsof
items,eachgroupto bedistributedamongits successors).

Designsbasedon thispatternincludethefollowing key elements:

� A wayof de�ning theelementsof thepipeline,whereeachelementcorresponds
to oneof thefunctionsthatmake up thecomputation.In a linearpipeline(such
asthe“linear pipeline”of Figure6), theseelementsarethestagesof thepipeline;
in a morecomplex pipeline(suchasthe“non-linearpipeline” of Figure6) there
canbe more thanoneelementper pipelinestage. Eachpipelineelementwill
correspondto onetask.

� A wayof representingthedata�ow amongpipelineelements,i.e.,how thefunc-
tionsarecomposed.

� A wayof schedulingthetasks.

Keyelements

� De�ning the elementsof the pipeline. Whatis neededhereis a programstruc-
tureto hold thecomputationsassociatedwith eachstage.Therearemany ways
to do this. A particularlyeffectiveapproachis anSPMD14 programin which the
ID associatedwith theUE15 selectsoptionsin a casestatement,with eachcase
correspondingto astageof thepipeline.

� Representingthe data�o w amongpipeline elements.What is neededhereis
a mechanismthat provides for the orderly �o w of databetweenstagesin the
pipeline. This is relatively straightforward to accomplishin a message-passing
environmentby assigningoneprocessto eachfunctionandimplementingeach
function-to-functionconnection(betweensuccessive stagesof thepipeline)via
a sequenceof messagesbetweenthe correspondingtasks. Sincethe stagesare
hardlyeverperfectlysynchronized,andtheamountof work carriedoutatdiffer-
entstagesalmostalwaysvaries,this �o w of databetweenpipelinestagesmust

14“Single program,multiple data”— a parallel-programmingstyle in which eachthreador processruns
thesameprogram,but ondifferentdata.

15Unit of execution— genericterm for one of a collectionof concurrently-executingentities,usually
eitherprocessesor threads.
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usuallybebothbufferedandordered.Most message-passingenvironment(e.g.,
MPI) make thiseasyto do.

If a message-passingprogrammingenvironmentis not a good�t with thetarget
platform, you will needto explicitly connectthe stagesin the pipelinewith a
bufferedchannel.Sucha bufferedchannelcanimplementedasa sharedqueue
(usingSharedQueue16 ).

� Schedulingthe tasks.Whatis neededhereis awayof schedulingthetasksthat
makeupthedesign.Usuallyall tasksarescheduledto executeconcurrently(e.g.,
aselementsof an SPMD program),sincethis avoids bottlenecksandpotential
deadlock.

Corr ectnessissues

� Whatmakesconcurrency possiblehereis therequirementthatfor differentstages
m and n of the pipeline,and differentelementsCi andCj of the sequenceof
calculationsto be performed,stagem of the calculationfor Ci canbe donein-
dependentlyof stagen of the calculationfor Cj . The tasksthat make up the
pipelineshouldthereforebe independent,except for the interactionneededto
passdatafrom onestageto the next. This happensnaturally in a distributed-
memoryenvironment; in a shared-memoryenvironment,it canbe guaranteed
by (i) makingsurethemechanismusedto passdatafrom onepipelinestageto
thenext is correctlyimplemented(e.g.,by usinga concurrency-safeshareddata
structuresuchasSharedQueue) and(ii) notallowing tasksto modify any shared
variablesexceptthoseusedin thismechanism.

Examples

Fourier-transform computations

A typeof calculationwidely usedin signalprocessinginvolvesperformingthefollow-
ing computationrepeatedlyondifferentsetsof data:

� PerformadiscreteFouriertransform(DFT) onasetof data.

� Manipulatetheresultof thetransformelementwise.

� PerformaninverseDFT on theresultof themanipulation.

Examplesof suchcalculationsinclude convolution, correlation,and �ltering opera-
tions,asdiscussedin [8].

A calculationof this form caneasilybeperformedby a three-stagepipeline:

� The�rst stageof thepipelineperformstheinitial Fouriertransform;it repeatedly
obtainsonesetof inputdata,performsthetransform,andpassestheresultto the
secondstageof thepipeline.

16A patternin theSupportingStructuresdesignspace.
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� Thesecondstageof thepipelineperformsthedesiredelementwisemanipulation;
it repeatedlyobtainsa partial result(of applyingtheinitial Fourier transformto
an input setof data)from the �rst stageof thepipeline,performsits manipula-
tion, andpassestheresultto thethird stageof thepipeline.

� The third stageof the pipelineperformsthe �nal inverseFourier transform;it
repeatedlyobtainsa partial result(of applyingthe initial Fourier transformand
thentheelementwisemanipulationto aninputsetof data)from thesecondstage
of thepipeline,performstheinverseFouriertransform,andoutputstheresult.

Eachstageof thepipelineprocessesonesetof dataat a time. However, exceptduring
the initial “�lling” of thepipeline,all stagesof thepipelinecanoperateconcurrently;
while the �rst stageis processingtheN-th setof data,thesecondstageis processing
the(N � 1)-th setof dataandthethird stageis processingthe(N � 2)-th setof data.

Known uses

� Imageprocessingapplications.

� Problemsin theCMU task-parallelFortrantestsuite[1].

� Otherpipelinedcomputations,asdescribedin [5].

RelatedPatterns

This patternis very similar to the Pipesand Filters patternof [2]; the key differ-
enceis that this patternexplicitly discussesconcurrency. This patternis similar to
AsynchronousComposition17 in thatbothpatternsapplyto problemswhereit is natural
to decomposethecomputationinto a collectionof semi-independententities.Thedif-
ferenceis thatin PipelineProcessing, theseentitiesinteractin amoreregularway, with
all “stages”of the pipelineproceedingin a looselysynchronousway, whereasin the
AsynchronousCompositionpattern,thereis no suchrequirement,andthe entitiescan
interactin very irregularandasynchronousways.
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