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Summary

Clusterof PCsis becominganimportantplatformfor parallelcomputingandanum-

berof parallelruntimesystemshavebeendevelopedfor clusters.In clustercomputing,

programming paradigmsareanimportanthigh-level issuethatdefinestheway to struc-

turealgorithms to run on a parallelsystem.Parallelapplicationsmaybe implemented

with variousparadigms.However, usuallyaparallelsystemis basedononly oneparal-

lel programmingparadigm.

This dissertationis aboutsupportingmultiple parallelprogrammingparadigmsin a

clustercomputing systemby extendingthe memoryconsistency modelandproviding

userlevel sharedvirtual memory. Basedon Cilk, an efficient multithreadedparallel

system,the
��� �����

memoryconsistency modelis proposedandtheSilkRoadsoftware

runtimesystemis developed.An ExtendedStealingBasedCoherencealgorithmis also

proposedto maintainthe
��� �����

consistency and at the sametime reducethe net-

work traffic in Cilk/SilkRoad-likemultithreadedparallelcomputing with work-stealing

scheduler.

In order to analyzeparallelprogrammingparadigmsandthe relationship between

paradigmsandmemorymodels,we alsodevelopa formal graph-theoreticalparadigm

framework. With thesupportof multiple paradigmsanduser-level sharedvirtual mem-

ory, programmability of Cilk/SilkRoadis alsoexaminedby providing solutionsto aset

of examplesknown asSalishanProblems.

Our experimental resultsshow thatwith theextendedconsistency model(
��� �����

consistency), awider rangeof paradigmscanbesupportedby SilkRoadin clustercom-

puting,while at thesametime theapplicationsin Cilk packagecanalsorun efficiently

onSilkRoadin amultithreadedwaywith theDivide-and-Conquerparadigm.



Chapter 1

Intr oduction

In thepastdecadeclustersof PCsor Networksof Workstations(NOW) weredeveloped

for highperformancecomputing asanalternative low costparallelcomputing resource

in comparisonwith parallelmachines.Besidesoff-the-shelfhardware,theavailability

of standardprogramming environments(suchas MPI [70, 126] and PVM [65]) and

utili tieshavemadeclustersapracticalalternativeasaparallelprocessingplatform.

As clustersof PCs/Workstationsbecomewidely usedplatformsfor parallelcom-

puting,it is desirableto provide morepowerful programming environmentswhich can

supportawide rangeof applicationsefficiently.

In clustercomputing, programmingparadigmsareanimportanthigh level issueof

structuringalgorithmsto runonclusters.Parallelapplicationscanbeclassifiedinto sev-

eralwidely usedprogrammingparadigms[75,39,59], suchasSingleProgramMultiple

Data(SPMD),Divide-and-Conquer, Master/Slave,etc.

At a lower level, DistributedSharedMemories(DSMs)[110,109, 103]areawidely

usedapproachto enhanceclustercomputingby enablingusersto develop parallelap-

plicationsfor clustersin a style similar to that in physicallysharedmemorysystems.

1



Chapter 1. Intr oduction 2

As a middlewarefor clustercomputing, DSMs arebuilt on top of low level network

communication layersandat the sametime caterfor the requirementsfrom the high

level programmingparadigms,whichareaffectedby thememorymodelused.

Cilk [44, 50, 34, 112] is a well known parallelruntime systemwhich supportsthe

Divide-and-Conquerprogrammingparadigmefficiently. It is oneof severalwell-known

multithreadedprogramming systems for clusters.It is effective at exploiting dynamic,

highly asynchronousparallelism,which is difficult to achieve in the data-parallelor

message-passingstyles.

1.1 Moti vation and Objectives

Many currentparallelapplications requireglobalsharedvariablesduringthecomputa-

tion,andtheircorrespondingparadigmsmayvarywidely. However, normallyaparallel

systemis basedon oneparticularparadigm.Few systemssupportmultiple paradigms

efficiently. Thispreventsparallelsystemsfrom supportingawiderrangeof applications

andachieving betterapplicability .

In orderto achieve themultiple parallelprogrammingparadigms,it is desirableto

extendanexisting parallelsystemwhich is basedon a particularparadigm,to enableit

to supportmorethanoneparadigm.WeselectCilk asthebasesystemin ourwork.

Cilk hasbeenprovento bevery efficient for fully strict Divide-and-Conquercom-

putationon SMP(symmetricmultiprocessor)systems. However, Cilk systeminitially

doesnotsupportcluster-widesharedmemoryfor theuserandconsequentlytherecannot

begloballysharedvariablesin parallelapplicationsfor clusters,becausethey areabsent

in Cilk’s dag-consistency modelandarein any casenot necessaryfor theDivide-and-
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Conquerparadigm.Besides,Cilk’smultithreadingandwork-stealingpolicy mayresult

in heavy network traffic becauseof thelargenumberof threadsandfrequentthreadmi-

gration. This canbea problemin clusterenvironmentsin somecasesespeciallywhen

thenetwork is relatively slow andsharedby multiple applications. Reducingnetwork

traffic mayalsobehelpful to theapplicationssharingthesamenetwork.

Theobjectivesof thisresearchincludeprovidingauser-level sharedvirtual memory

for usingglobalsharedvariables,consequentlysupporting a wider rangeof paradigms

in a clustercomputing system,andreducingthe network traffic of Cilk-lik e systems

(dueto multithreadingandworkingstealing).Besides,paradigmsandtheir relationship

with underlyingmemorymodelsneedto beformally analyzed,andthiswork is helpful

to empiricalstudyin supportingmultipleparadigms.

1.2 Contr ibutions

This dissertation explorestheideaof extendingthememoryconsistency modelto pro-

videuser-level sharedvirtual memoryandsupportmultiple parallelprogrammingpara-

digmsin aclustercomputingsystem. My maincontribution consists of thefollowing:

% The sharedmemoryapproachto multiple parallel programming paradigmsin

softwareDSM-basedsystemsandtheproposalof
��� �&���

memoryconsistency

model. The
��� �����

consistency is theresultof the innovationsbasedon Cilk’s

LocationConsistency ( ' � ). The innovations include(1)theextensionof Cilk’s

' � with providing global synchronization andmutualexclusion,and(2)main-

tainingmemoryconsistency basedon threadsteal/returnoperations.It provides

programmersa user-level sharedmemorywhich is necessaryfor many parallel
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applications.

% An ExtendedStealingBasedCoherence(ESBC) algorithmto reducethenetwork

traffic in Cilk systemandachievethe
��� �����

consistency. It reducesthenumber

of messagesandtransferreddatain computationby implementing Cilk’sbacking

storelogically.

% TheSilkRoadsoftwareruntimesystem,whichsupportsDivide-and-Conquer, Mas-

ter/Slave, andSPMD paradigms.SilkRoadis a variantof Cilk. It inherits the

featuresof Cilk andrunsa wider rangeof applicationsthat may requireshared

variableswith theparadigmsotherthanDivide-and-Conquer.

% Theconceptof genericparallelprogrammingparadigm,which is definedbased

on the executioninstancedag of the computation and the underlyingmemory

model. Underthis framework, differentparadigmsareits subsets, anda mixed

paradigmis definedto includeseveralexisting paradigms.This mixedparadigm

is theoneimplementedin SilkRoad.

1.3 Organization

Therestof this dissertationis organizedasfollows: Chapter2 givesa brief review on

clustercomputing,especiallythe concernedissues:parallelprogramming paradigms

andDSMs. TheCilk systemis alsointroducedin this chapterasa backgroundof our

researchwork. Chapter3 discussesthegraphtheoreticalanalysisof parallelprogram-

mingparadigmsandexploretheir relationwith memoryconsistency models.Chapter4

presentsthe SilkRoadsystem,which is developedto supportmultiple paradigms.To
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demonstratethe programmability of Cilk/SilkRoad,the solution to Salishanproblems

is given in Chapter4. Chapter5 discusses the underlying
��� �����

memoryconsis-

tency modelin SilkRoad,includingits definition,implementation,andtheoreticalper-

formanceanalysis.Someexperimentalresultsandanalysison the resultsaregiven in

Chapter6. Finally, Chapter7 gives the concludingremarksof this researchwork as

well astherecommendations for futurework.



Chapter 2

Literatur eReview

This chaptercarriesout a literaturereview to provide the backgroundand scopeof

this researchwork. It begins with a generalintroduction of clustercomputing. The

critical review onclustercomputing is focusedonparallelprogrammingparadigmsand

distributed sharedmemories,which arethe relevant issuesin this dissertation. As an

efficientparallelruntimesystemfor clustercomputingaswell asthebasesystemof our

researchwork,Cilk is alsoreviewed.At endof thischaptersomeremarksarepresented.

2.1 Cluster Computing

Clusters[108] or network of workstations (NOW) [10, 122, 15, 5] provide low cost

and high scalability in parallel computing and recentlythey have becomeimportant

alternatives for scientificandengineeringcomputing.

A clusterconsistsof a collectionof interconnectedstand-alonecomputersworking

togetherasasingle,integratedcomputing resource.Clustercomputing is implemented

by connectingavailablecommodity computerswith a high speednetwork to do high

6
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Parallel Applications


PC/Workstation


Cluster Middleware (OS kernel, DSM, etc)


Programming Environments and Tools

(Compilers, PVM, MPI, etc)


High Speed Network


PC/Workstation
PC/Workstation


......


Figure2.1: Thelayeredview of a typicalcluster.

performancecomputing. Becauseof its low cost,clusteringhasbeenanattractive ap-

proachin comparisonwith thehighcostMassiveParallelProcessing(MPP).Thecom-

puternodesof aclustercanbecommodity PCs,SMPs(symmetricmultiprocessors),or

workstations that areconnectedvia a Local Area Network (LAN). Figure2.1 shows

the layeredview of a typical cluster. A typical clusterconsists of both low-level com-

ponents(suchashardwareof eachsinglenode,network connections),high-level parts

(suchasruntimelibrary, parallelapplications,programmingparadigms),andmiddle-

ware(suchasOS kernel,DSMs,single systemimage,etc.). A LAN basedclusterof

computerscanappearasa singlesystemto usersandapplications.Sucha systemcan

provide a cost-effective way to gain featuresandbenefitsthat have historically been

foundonly onmoreexpensivecentralizedsharedmemorysystems.

Besidesthecost,thearchitectureof clustersis alsoadvantageous.In parallelcom-
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puting architectures,SMPsarean attractive approach.In SMP architecture,multiple

symmetric processorsall have sameaccessto thesharedmemoryaddressspace.One

big advantageof sharedmemorysystems (suchasSMPs)is easeof programming. In

sharedmemorysystems,programmersdonotneedto considerhow thedataarelocated

in memoryandaccessedby processors.However, thesesystemsarenot easyto scale

up.

As anotheralternative, CC-NUMA (CacheCoherentNon-Uniform Memory Ac-

cess)is morehardwarescalable.In CC-NUMA systems,processorshave non-uniform

accessto memorybut runsingleOS.Eventhoughthisarchitectureis scalable,thesoft-

ware/operatingsystemis a limitationto largerscalability. Like SMP, CC-NUMA also

suffersfrom highavailability problems.

In comparison,clustersbehavesbetteron theseaspects.A clustercan be easily

scaledby addingor removingnodesfrom thenetwork. Thisalsomakesclusterswidely

acceptedasaplatformfor parallelcomputing.

2.2 Parallel Programming Modelsand Paradigms

In distributedsystems, therearemany alternativesfor parallelprogrammingmodels.In

termsof the expressionof parallelism,they canbasicallybe classifiedinto two cate-

gories:implicit andexplicit parallelprogrammingmodels.

In implicit programming modelsthereis no needfor theprogrammersto explicitly

specifyprocesscreation,tasksynchronization, anddatadistribution. Hence,program-

mersdo not specifyany parallelismandtheprogramsareparallelizedby parallelcom-

piler andtheruntimesystemautomatically. Theimplicit parallelmodelgreatlydepends
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onparallelizingcompilersandruntimesystemssuchasin Jadesystem[114]. Normally

the effectivenessof parallelizingcompilersis not very satisfying without any userdi-

rectionsandvery few systemsachieved implicit parallelismideally, especiallyin the

clusterenvironment. A performanceanalysison parallelizingcompilerswasgiven by

Blumeet al. [30].

In explicit parallelism,programmersusesomespecialprogramminglanguagecon-

structsor invok somespecialfunctionsto expressparallelism. Widely usedexplicit

parallelismsincludedataparallelism,messagepassingandtheshared-memorymodel.

In thedataparallelmodel,sameinstructionor pieceof codeis executedondifferent

processorsbut on differentdatasets.In systems suchasin High PerformanceFortran

(HPF) [88], theprogrammerexplicitly allocatesdata,but thereis no explicit synchro-

nization.This modelreliesmuchon theform of thedatasetandit is difficult to realize

parallelismwith lessoptimally organizeddatasetsandasynchronousoperations.

The messagepassingmodel is anotherwidely usedprogrammingmodel. In this

model,theprogrammerexplicitly allocatesdatato theprocessesanduseexplicit syn-

chronizations.PVM [65] andMPI [126, 70] are two widely usedstandardlibraries.

Messagepassingsystemsaremoreflexible andcanbeimplementedefficiently, but they

requireprogrammersto involve in low level messagesendingandreceiving issuesand

thisdecreasestheprogrammability.

The shared-memorymodelassumesthat thereis a sharedmemoryspaceto store

shareddata.Typical examplesincludePthreads[76] andOpenMP[104]. It is believed

that theshared-memoryprogrammingmodelis easierto usein clustercomputing than

themessagepassingmodelbecauseof theuseof a singleaddressspace.Unlike in the

messagepassingmodel,usersdonotallocatedataandcommunicateexplicitly, but they
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needto synchronizeexplicitly. DSM modelsdependoncompilersor systemlevel soft-

ware/hardwaredevelopmentto provideasharedmemoryontopof lower level message

passing.

All theabove programming modelshave beenimplementedon clustersat themid-

dlewareandprogrammingenvironmentlevel. Generally, programming modelscanbe

implementedwith thefollowing approaches:

% Introducingnew featuresinto someexisting sequentialprogramming languages

with thesupportof pre-processorsor extendedcompilers.Many parallelcomput-

ing systemsemploy thisapproach,becauseit takesadvantageof existing sequen-

tial programminglanguages.For example,
�)(

[127],
�+*�*

[134], andCilk [44]

areruntimesystemsbasedon the
�

language.

% Providing libraries for the programswritten in a sequentialprogramminglan-

guage.SomesoftwareDSM systems(suchasTreadMarks[85]) employ this ap-

proachto provideuserlevel librariesfor C andFortran languagesotheprograms

caninvoke theprovidedfunctionsto utilize DSM.

% Usingspecificallydesignedparallelor concurrentprogramminglanguages.There

areanumberof examplessuchasOccam[79], Ada [2], Orca[12], etc.

Parallel programming paradigmsarethe waysto structurealgorithmsto run on a

parallel system. Different peoplemay have different classificationof programming

paradigmsandthereareseveralwidely usedprogramming paradigmsinto which most

of theparallelapplicationscanbeclassified.Thefollowing arepopularlyusedones[75,

39,59]:
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% SingleProgramMultipleData(SPMD)

SPMDis alsocalledPhaseParallel in somecases.With SPMD,theexecution of

a parallelprogramconsistsof many supersteps. Eachsuperstephasa computa-

tion phaseandsynchronization phase.In computationphase,multiple processes

executethesamepieceof codein theparallelprogram,but on differentdataset.

In subsequentsynchronizationphase,theprocessesperformsynchronizationop-

erations(likebarrieror blockingcommunication).

% Divide-and-Conquer

The Parallel Divide-and-Conquerparadigmusesthe sameideaasits sequential

counterpartin problemsolving: aparentprocessdividesitswork into two or more

independentwork piecesand the work piecesare doneseparately. In parallel

computing, theresultedwork piecesaredoneby multiple processorsin parallel,

andthepartial resultsof thework piecesaremergedby their upperlevel parent

process.Usually the dividing and merging proceduresare donerecursively in

parallelprograms.

% Master/Slave

In the Master/Slave paradigm,a masterprocessworks asthe coordinatorandit

keepson producingparallelwork piecesanddistributesthemto slave processes.

Whentheslave processesfinish execution, they returntheir resultsto themaster

processandwait for anotherwork pieceuntil all the parallelwork pieceshave

beencreatedandfinished.

% DataPipelining
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In the Pipelineparadigm,multiple processesform a virtual pipeline anda con-

tinuous datastreamis input into thepipeline. In thepipeline,theoutputdataof

a processis the input dataof the subsequentprocess.The processesexecuteat

differentstagesof computationandthey areoverlappedin orderto achieveparal-

lelism. Thehardwareversionof thisparadigmis widely usedin moderncomputer

processorsto improve theprocessingspeed.

% Work Pool

In this paradigm,a pool is realizedasshareddatastructurein parallelprograms

to storethework pieces.Processescreatework piecesandput theminto thework

pool. Meanwhile,processesalsofetchwork piecesfrom thepool to executeuntil

thework pool is empty. ThepoolcanbeconsideredasapassiveMaster;alsothe

pipelinecanbeconsideredasadistributedpool.

Usually the choiceof paradigmis determinedby the availableparallelcomputing

resourcesandthetypeof parallelisminherentin theproblemto besolved.

2.3 SoftwareDSMs

Becauseof the physically distributed memory, programmershave to managethe data

transferbetweenclusternodes(for example,by usingmessagepassing).DSM is an

approachto integratetheadvantagesof SMPandmessagepassingsystems.As a clus-

termiddleware,distributedsharedmemoryprovidesasimpleandgeneralprogramming

model for higher level programmingenvironmentsby enablingshared-variablepro-

gramming. DSM systems canbeimplementedat softwareand/orhardwarelevel. Fig-
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Figure2.2: Illustrationof DistributedSharedMemory.

ure2.2 illustratesa DSM systemconsisting of , interconnectednodes,eachof which

hasits own local memoryand can seethe sharedvirtual addressspace(denotedby

dottedoutline),whichconsistsof memorypiecesoneachnode.

In orderto build a sharedvirtual memoryamongthe clusternodes,DSM systems

mustdealwith the following problems: mapping the logically sharedmemoryspace

to thephysically distributedmemoryof eachnode,keepingtheconsistency of thedata

amongthe clusternodes,and locatingand accessingdatafrom the memoryof each

node. In the software level implementation of DSMs, mappingthe memoryspaceis

usuallydoneby mappingsomefiles in to memory. The processof locatingandac-

cessingdatadependsfundamentallyon the consistency semantics,i.e. the memory

consistency model.

In implementing a softwaredistributedsharedmemory, the consistency model is

critical to thebehaviorsandperformanceof theDSM.Theoriginalmemoryconsistency

modelwassequentialconsistency [90], whichwaslaterprovento betoostrictandhard
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to implementefficiently in distributed environments.Someotherrelaxed consistency

modelswereproposedto improve the efficiency while keepingthe correctness.They

will beintroducedin following subsections.

SoftwareDSM systemshavethefollowing characteristics:They areusuallybuilt as

a separatedlayer on top of the communicationinterface;They take full advantageof

theapplicationcharacteristics;They take virtual pages,objects,andlanguagetypesas

sharingunits. As thepopularityof clustercomputing grows,sharedmemorysystemis

adoptedasoneof theapproachesto achievehighperformanceclustercomputing.

A numberof softwarelevel DSMshavebeenimplementedin clustercomputingsys-

tems.Many of themwereimplementedaspage-basedDSMs,suchasTreadMarks[85],

SHRIMP[23], Mill ipede[80], CVM [128],Midway[21,141],JIAJIA [74], ORION[101],

etc;someothersareobject-basedDSMs,suchasOrca[12], Aurora[96], DOSMOS[38],

CRL [83], etc.

Therearesomeotherwaysto provide sharedmemoryspacein parallelprogram-

ming,suchastuplespace.Tuplespaceis to provideawayto enabledifferentprocessors

to sharedatain theform of tuples.Tuplespaceis aplacefor processorsto putandshare

databy using“in” or “out” operations.This ideahasbeenimplementedin Linda[6, 40]

andsomeLinda-basedsystemssuchasBaLinda[139,140].

2.3.1 CacheCoherenceProtocols

In a parallelanddistributedcomputing environmentsuchasclusters,therecanbemul-

tiple copiesof datain local memoryspace/cacheof eachprocessor. This raisestheco-

herenceproblem,whichis to ensurethatnoprocessorreadsdatafrom anobsoletecopy.
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Usuallytherearetwo alternativemechanismsto addressthis problem:write-invalidate

andwrite-update[52]. In write-invalidate,whena datumis written, thewriter proces-

sorsendsinvalidationmessagesto theotherprocessorswhich mayhave copiesof this

datum,so subsequentaccessesto this datumby processorsother thanthe writer will

askthe writer processorfor the mostup-to-datevalueof the datum. In write-update,

thewriter processorsendsthenew valueto every otherprocessorto updatetheir local

copiesof thedatum.

Eachprotocolhasprosandcons. Write-updatehelpsreduceaveragereadlatency

but resultsin moreinter-processorcommunication, while write-invalidationavoidsthe

retrieval of informationthatmightneverbeusedandhencereducesthenumberof com-

municating messagesbut the read latency is higher. In design,a trade-off must be

achievedaccordingto theperformanceof theinterconnection network.

2.3.2 Memory ConsistencyModels

Thememoryconsistency modelhasa significantinfluenceon thebehavior andsystem

performanceof clusters.Generally, thememoryconsistency modelspecifieswhatevent

orderingsarelegalwhenseveralprocessesareaccessingacommonsetof locations[66].

In otherwords,memoryconsistency modelsdeterminethevaluethatmaybereturned

by readoperationsin asequenceof parallelreadandwrite operations.

Theultimategoalis to makesystemsbehave likesequentialmachines,thereforethe

earlychoicewassequentialconsistency, whichwasdefinedby Lamport[90] asfollows:

Definition 2.3.1 A systemis sequentially consistentif theresultof anyexecutionis the

sameasif theoperationsof all theprocessors were executedin somesequentialorder,
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and the operationsof each individual processorappearin this sequencein the order

specifiedby its program.

Unfortunately, sequentialconsistency imposesvery strict orderingon memoryaccess

operations,soit cannot beideally optimizedfor high performance.Hencesomeother

relaxedmemoryconsistency modelsweredevelopedin orderto achievesignificantper-

formanceimprovementsin parallel programming. The variousmemoryconsistency

modelsarebriefly introducedin thefollowing:

1. SequentialConsistency

SequentialConsistency (SC) saysthat all processorsobserve the sameorderof

readandwrite operationsof eachprocessorsonthememory. It wasimplemented

in someearly DSM systems,suchasIVY [93] andMirage [58]. SinceSC pre-

cludesmany potentialoptimizations, it is difficult to implement efficiently in

loosely-coupleddistributedsystems.

2. ProcessorConsistency

GoodmanintroducesProcessor Consistency[68] in order to relax Sequential

Consistency. In ProcessorConsistency, two processorsmay observe different

ordersof memoryoperations,soit is weaker thanSequentialConsistency, but the

orderof eachprocessor’smemoryoperationis maintained.

3. WeakConsistency

Duboiset al. proposesan even weaker memoryconsistency model, the Weak

Consistency[51]. In WeakConsistency, the ordinarymemoryaccessesaresep-

aratedfrom thesynchronizationmemoryaccessesandthememoryis consistent
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only onsynchronizationaccesses.

4. ReleaseConsistency

In ReleaseConsistency(RC) [66], synchronizationaccessesarefurther divided

into acquire andrelease. Thosememoryaccessesthat needto be protectedare

performedwithin acquire-releasepairs.Ordinaryaccesseswait until all theprior

acquireoperationscomplete;releaseoperationsalsomustcompletefor all previ-

ousordinaryaccessesto becomevisible to otherprocessors.

5. EntryConsistency

Entry Consistency(EC) [19] wasfirst introducedand implementedin Midway

system[20]. It requiresexplicit associations of shareddatawith synchroniza-

tion variables.On anacquire,only thedataassociatedwith thesynchronization

variablesis guaranteedto beconsistent.

6. ScopeConsistency

ScopeConsistency(ScC)[78] providesa bridgebetween
���

and - � . It usesa

conceptcalledconsistency scopeto implicitly establishtherelationshipbetween

dataandsynchronization events,thusrealizinga consistency modelthat is more

relaxedthan
���

, without theexplicit dataspecificationof - � .

Theweaker memoryconsistency modelsareproposedin orderto improve theper-

formanceof clusterswith DSM systems.In themeantime,programmersmustbeaware

of thesynchronizationoperationswhenusingtheweakermemorymodels.

Usuallytheavailablememoryconsistency modelsareprovidedby theparallelcom-

puting systems, but sometimesan applicationmay also requirea particularmemory
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consistency becauseof the problemnature. Generally, strongerconsistency models

simplify programmingwork but increasethememoryaccesslatency, while weakercon-

sistency modelsimprove theperformancebut usuallyrequireprogrammersto insertthe

relevantsynchronizationconstructsfor memoryaccessoperations.

2.3.3 Lazy ReleaseConsistency

TheReleaseConsistency memorymodelguaranteesmemoryconsistency only at syn-

chronizationpoints.A synchronizationis representedby acquireor releaseoperations.

���
allows thenotificationof changesto sharedmemoryto bedeferreduntil the time

of synchronization.

RCcanbefurtherclassifiedintoLazyReleaseConsistency(LRC)[84,86] andEager

ReleaseConsistency[41] dependingon whenthe modificationsof memorypagesare

propagated.

Accordingto TreadMarks[132], the information of changesto thesharedmemory

canbe passedfrom the lock releaserto the subsequentlock acquirerat eitherof the

following two moments: when the lock is released,andwhen it is acquired. In the

eager releaseconsistency, the lock releasernotifiesall processesof the modifications

to sharedmemorypages,becausethe next acquireris unknown at releasetime. With

lazyreleaseconsistency, theacquirerof thelock getstheinformation of thechangesto

sharedmemoryonly whenit receivesthelock from thereleaser, andtheotherprocesses

arenotawareof theinformation.

LRC is a refinementof RC andit hasbeenimplementedin the TreadMarksDSM

system[85] developed at Rice university. The main idea of LRC in TreadMarksis
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thatthemodificationsof thepages(or diffs) in thesharedaddressspacearepropagated

only whenthe requirementof the diffs comesfrom a remoteprocessor. The delayof

propagation of diffs is to avoid transferringunnecessarydatabetweenprocessors.In

TreadMarks,LRC doesnot make the modifications(which aremadeafter a lock ac-

quisition) visible to all processorsat the time of a release. Instead,only theprocessor

thatacquiresthesamelock will get thediffs from thepreviouslock acquirer. Besides,

TreadMarksalsoemploys a multiple-readermultiple-writer protocolwith someadap-

tivepoliciesto helpkeepthecoherence[9, 49,45,8]. Someof thecoherenceprotocols

arealsowidely adoptedanddiscussedin many otherresearchwork [125,67,3].

Thoughthememoryconsistency modelsarerathermature,in theaspectof theoret-

ical performancemodelandthescalabilityof softwareDSMs,thereis still unexplored

terrain.

2.3.4 PerformanceConsiderationsof DSMs

By relaxing the memoryconsistency model away from sequentialconsistency, soft-

ware implementedDSMs can improve the performancewith someadvancedmecha-

nisms, suchasmultiple-writer, delayedpropagation, etc. Reducingthe network traf-

fic also helpsimprove the efficiency of processorsand henceimprove the computa-

tion/communicationratio.

Sincethenetwork communicationis themainoverheadof softwareDSMsin cluster

computing, theperformanceof DSM greatlydependson the latency of theunderlying

network connection.Otherconsiderationsincludepagesize,coherenceprotocol,gran-

ularity, addressspaceorganization,etc.
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Therehasbeena lot of work doneonperformanceanalysisof DSM systems [77,1,

135, 54,138, 24,120, 133,94],but they arebasicallybasedonexperimentalorempirical

resultsof benchmarkingwithout theoreticallypredictableperformancemodels.

2.4 Intr oduction to Cilk

In this section,we introduceCilk, a multithreadedparallelprogramming languageand

run-timesystemon whichour work is based.Cilk’s languagefeatures,schedulingpol-

icy, memorymodeltheory, andtheanalyticalperformancemodelwill beintroduced.

2.4.1 Cilk Language

Cilk1 is analgorithmic multithreadedlanguage.“The philosophy behindCilk is thata

programmershouldconcentrateon structuringhis programto exposeparallelismand

exploit locality, leaving the runtimesystemwith the responsibility of schedulingthe

computation to run efficiently on a givenplatform. Cilk’s runtimesystemtakescareof

detailslike load balancingandcommunicationprotocols. Unlike othermultithreaded

languages,however, Cilk is algorithmic in thattheruntimesystem’s schedulerguaran-

teesprovably efficientandpredictableperformance.” [44, 50,112]

TheCilk languageis basedon ANSIC. ThebasicCilk languageconsistsof
�

and

someadditionalkeywordsindicatingparallelismandsynchronization.Thesekeywords

are:spawn, sync, cilk, inlet, abort, etc.

Whena Cilk programis beingexecuted,it keepson creatingthreads in order to
1Thelatestversionis Cilk 5.3,which is availableon theCilk website.Unlessotherwisestated,in the

following context, Cilk meansthe Cilk-NOW (alsocalleddistributedCilk), the version for network of
workstations.
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Figure 2.3: In Cilk, the procedureinstancescan be viewed as a spawn tree and the
parallelcontrolflow of theCilk threadscanbeviewedasadag.

exploreparallelism.In Cilk terminology, athreadis amaximal sequenceof instructions

thatendswith aspawn, sync, or return (eitherexplicit or implicit) statement.A

procedurein a Cilk programcanbebrokeninto a sequenceof threads.Thecreationof

threadsis accomplishedby thespawn keyword in Cilk programs.At runtime, thecre-

atedthreadscanfurther“spawn” otherthreads,andthis“spawn” relationshipstructures

theproceduresasa rootedspawntreewith their threadsdagembedded,which is illus-

tratedby Figure2.3. In Figure2.3,theroundedrectanglesindicateproceduresandthe

circlesindicatethreads.A downward edgeindicatesthe spawning of a subprocedure.

A horizontaledgeindicatesthe continuation to a successorthread. An upward edge

indicatesthereturningof avalueto aparentprocedure.All thethreetypesof edgesare

dependencieswhichconstraintheorderin which threadsmaybescheduled.

Weseethattheparallelcontrolflow of theCilk programcanbeviewedasadirected

acyclic graph, or dag. Dag is an importanttheoreticalbasisof Cilk, which will be

discussedin latersections.

Cilk programsarepre-compiledto C programsbeforethey areexecuted.To explore

thepower of local processorsandat thesametime enabletheparallelism, Cilk proce-
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durescanbeexecutedin fastandslow style,correspondingto local runningandremote

stealingrespectively (work stealingis introducedin the following subsection). When

therearenostealrequests,proceduresareexecutedin a faststyle,which is comparable

to normalC procedureexecution. In thecaseof stealing,slow style is usedin orderto

passadditionalinformation to supportparallelexecution.

Thebasicparallelprogrammingparadigmof Cilk is Divide-and-Conquer. By using

theDivide-and-Conquerstrategy, aCilk programseparatesaprobleminto smallerprob-

lemsby recursively spawningthreadswhichareassignedsmallercomputation tasks.

2.4.2 The Work StealingScheduler

In parallelcomputing,schedulingis critical to theefficiency of thewholesystem. Dif-

ferentschedulingpoliciesmayresultin quitedifferentperformance.

Generally, it is hard to achieve pre-scheduledload balancingfor the Divide-and-

Conquerparadigmbecauseof its dynamism. For dynamicparallelism,usuallya dy-

namicschedulingpolicy is adopted.Therehasbeena lot of work doneondynamicload

balancing[102, 25, 115,18, 136] andschedulingpolicies[47, 26, 99, 100,89, 27, 48,

26, 99, 136] for parallelsystems,andCilk is theoneusingwork stealing [37, 36, 35]

andthreadmigration [129, 82,119].

In theCilk runtimesystem,a work-stealingbasedrandomizedschedulingpolicy is

employed [36, 63, 34]. During the execution, whena processorrunsout of work, it

will actively “steal” work from otherbusyprocessorsby randomlychoosinga “victim”

processor.

The spawn treeis exploredin a depth-firstmanner. In implementation, the proce-
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duresaremanagedby usinga doubleendedqueue(deque). The bottomof the deque

canbepushedin or poppedout, while the top canonly bepoppedout. Whena child

procedureis spawned,the local variablesof theparentaresavedon thebottomof the

dequeandtheprocessorbeginsto executethechild procedure.Whenthechild proce-

durereturns,thebottomof thedequeis poppedandtheparentresumes.On theother

hand,if thereis a stealfrom anotherprocessor, thetop-mostprocedurein thedequeis

poppedout andsentto the stealingnode. This is to make surethat the stealingnode

stealstheshallowestreadythreadin thevictim’s spawn treein orderto stealasmuch

work aspossible.

To implementthe above work-stealingschedulerefficiently, the THE protocol is

employed,which usesthreeatomicsharedvariablesT, H, andE to realizethemutual

exclusion onthedeque. Thedetailsof theTHEprotocolcanbefoundin [63]. However,

the sharingof informationbetweenthe sourceanddestination processorsof a stolen

proceduregivesriseto new memoryconsistency issues.

2.4.3 Memory ConsistencyModels

Memoryconsistency modelsareanimportantissueto programmersin distributedenvi-

ronment. Cilk peopledevelopeda computation-centric theory [62, 61, 60] of mem-

ory consistency model for parallel multithreadedcomputations. Basedon the dag-

consistency model [33, 32], a seriesof relatedmemoryconsistency modelswerede-

velopedfor the Cilk-lik e multithreadedcomputations. In Cilk, the dag-consistencyis

implementedby usingtheBACKER algorithm(which is introducedin this subsection

later).
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Computation-Centric Memory ConsistencyModel

Comparingwith theprocessor-centricmemorymodels[51,4,68, 86,66,20, 78],which

areexpressedin termsof processorsactingonmemory, thecomputation-centric mem-

ory modelis morefocusedon thecomputation itself. Thephilosophyof computation-

centricmemorymodelis to separatethe logical dependenciesamonginstructions(the

computation) from theway instructionsaremappedto processors(theschedule)[62].

This approachleadsto defining formal propertiesof memorymodelsthat are imple-

mentationindependent.

Thecomputation-centricmemorymodeltheoryis basedon theconceptof compu-

tation andobserver function, whicharedefinedasfollows [62, 61]:

Definition 2.4.1 A computation
�.�0/2143656798

is a pair of a finitedirectedacyclicgraph

(dag)
1:�;/=<+3?>"8

anda functionop:
<A@BDC

, where
<

is thesetof all nodesin thedag,

>
is thesetof all edgesin thedag, and

C
is a setof abstract instructions(such asread

andwrite).

In computation-centricmemorymodeltheory, amemoryis characterized by aset E
of locationsandaset

C
of abstractinstructions. Intuitively, eachnodeFHG < represents

aninstanceof theinstruction
567I/ F 8 , andeachedgeindicatesa dependency betweenits

endpoints. Readsandwrites to location J aredenotedby
�K/ J 8 and L / J 8 respectively.

In the dag of a computation,if thereis a path from node F to node M , then it is said

that F precedesM , which is denotedby FONPM . To indicatestrict precedence,we write

FRQSM . Two nodesF and M are incomparable if FDTQSM and M:TQUF . An emptyelement

V
indicatesthatno write operationhasbeenobservedand

V Q;F for every node F of

any computation. Basedon theabove semanticsof computation,anobserver function
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is definedasfollows:

Definition 2.4.2 Anobserver function for a computation
�

isa function W : EX� <ZY�[ V
\ @B <�Y][ V \

satisfying thefollowingpropertiesfor all J^G_E and FHG <�Y][ V \ :

1. If W / J 3 F 8`� M_T� V then
5679a`/ M 8`� L / J 8 .

2. FbTQDW / J 3 F 8 .

3. If FbT� V and
5679a`/ F 8`� L / J 8 then W / J 3 F 8c� F .

On thebasisof theconceptsof computationandobserver function,memorymodel

is definedasasetof pairsof computationsandobserver functions:

Definition 2.4.3 A memorymodelis a set d such that
[e/2fg3 W�h 8 \ji d i [e/k�Z3 W 8ml W is

anobserverfunctionfor
� \

.

In computation-centricmemorymodeltheory, the strictnessof memorymodelsis

comparedaccordingto thefollowing definition:

Definition 2.4.4 A memorymodel d is strongerthana memorymodeldXn (or memory

modeld)n is weaker thanmemorymodel d ) if d i don .

It meanssubsetis strongerbecausethesubsetallows fewermemorybehaviors.

Thereare also somepropertiesdefinedin computation-centrictheory, i.e. con-

structibility, completeness, etc,whicharefully discussedin [61], [60] and [62].
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DagConsistencyand Location Consistency

Initially thedag consistency wasdevelopedto supporttheCilk multithreadedparallel

programming, andlaterit wasenlargedto bea family of consistency models, including

locationconsistency[61] 2. Thememorymodelscanbedefinedbasedon thetopologi-

cal sortsof thedag of computationandthelastwriter function. A topological sort p of

adag graph
1

is a totalorderon thenodeset
<

consistentwith theprecedencerelation.

Thesetof all topological sortsof a dag graph
1

is denotedby p+q /21r8 . The last writer

function is definedasfollows:

Definition 2.4.5 Let
�

bea computation, and p�Gsp�q /2�t8 bea topological sort of
�

.

Thelastwriter functionaccording to p is L�u l Ev� <_Y_[ V \ @B <sYH[ V \
such that for

all J^GwE and FwG <xYy[ V \ :

1. If L_u / J 3 F 8`� M_T� V then
567za`/ M 8r� L / J 8 .

2. L_u / J 3 F 8 N{uXF .

3. L_u / J 3 F 8 Q{uXM|N{uXF|} 567za`/ M 8 T� L / J 8 for all M~G < .

The lastwriter function is actuallyanobserver functionfor computation.

Basedonthetopologicalsortsandlastwriter functions, sequentialconsistencyand

locationconsistencyaredefinedin computation-centrictheoryasfollowsrespectively:

Definition 2.4.6 Sequential Consistencyis thememorymodel

q �.�S[e/2��3 L_u 84l p�Gwp�q /2�t8 \
2This location consistency is not the model with the same name introduced by Gao and

Sarkar[64]. [60] hasthedetailedjustification.
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Definition 2.4.7 LocationConsistencyis thememorymodel

' ���.[e/k�Z3 W 8ml�� J2�ep���GHp+q /2�t8�� F 3 W / J 3 F 8"� Lwu / J 3 F 8 \

Accordingto the above definitions,sequentialconsistency requiresthat the topo-

logical sort be the samefor all locations,while locationconsistency requiresthat all

writesto thesamelocationbehave asif they wereserialized,solocationconsistency is

weaker thansequentialconsistency. In locationconsistency memory, for all location J
thereexists a topologicalsort p$� of computationsuchthat every readoperationon lo-

cation J returnsthevalueof the lastwrite to location J occurringin p�� . Thewholedag

consistency memorymodelfamily is fully discussedin [61].

Locationconsistentsharedmemoryis developedfor fully strictmultithreadedcom-

putations [31], which meansin thedag of a computation every dependency edgegoes

from a procedureto eitheritself or its parentprocedure.Thecomputationsof Cilk pro-

gramsarefully strict becausetheresultof a Cilk procedurecanonly bereturnedto the

procedurethatcallsit. Accordingto thesemanticsof theDivide-and-Conquerstrategy,

a big problemis dividedinto many independentsmallproblems,so thereareno inter-

actingmechanismsfor thesiblingCilk threads.However, for thosecomputationswhich

arenot fully strict, the semanticsof the memorymodelandcomputations have to be

modifiedor redefined.Thisproblemwill befurtheraddressedin Chapter3.

The BACKER Algorithm

TheBACKERalgorithm[33] wasproposedto implementthedag consistency. With the

BACKERalgorithm,sharedmemorylocationscanhavedifferentversionsin any of the

processorcachesandthemainmemory– backing store, which is thehomeof thedata
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of memorylocations. In orderfor eachprocessorto accessthemostup-to-datedataof a

memorylocation,thedatamustbetransferredfrom thebackingstore to thelocalcache

of theprocessorfirst.

TheBACKER algorithmworksasfollows: therearethreebasicoperationsfor pro-

cessorsto operateon sharedmemorylocations: fetch, reconcile,andflush. A fetch

operationcopiesalocationfrom thebackingstore to thecacheof aprocessorandmarks

thecachedlocationasclean,sotheprocessorhasthemostrecentcopy of thelocation.

A reconcileoperationcopiesa dirty locationfrom a processorcachebackto theback-

ing storein orderto keepthecopy at “home” mostup-to-date.Meanwhile,thecached

locationis markedasclean.Lastly, a flush operationremovesa cleanlocationfrom a

processor’scache.

Thesharedmemoryis keptcoherentby theBACKERby usingtheabovethreebasic

operations:Whena processoraccesses(readfrom or write to) a memorylocation,the

operationis performedonthecopy in its localcache.If acopy is notpresentin thelocal

cache,it will fetchfrom thebackingstoreto getthelatestversionandthenperformthe

operation.For write operations,thedirty bit will beset.Sincethecapacityof thecache

is limited,sometimesit is necessaryto flushsomecleanlocationsto makespacefor the

new locations.To removedirty locations, processorsfirst reconcileandthenflushthem.

TheBACKER algorithmalsoperformsadditionalreconcilesandflushesto enforce

locationconsistency besidesthethreebasicoperations.For eachedgeFHQ�M in thedag

of acomputation, if nodesF and M areondifferentprocessors
7

and � respectively, then

7
will reconcileall its cachedlocationsafter executing F but beforeenablingM , and �

will alsoreconcileandflushits entirecachebeforeexecutingM .
TheBACKER algorithmusesaconvenientway to keepthecoherenceof thecopies
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in different locations,andit is not so complex to implement. It is similar to “home-

based”coherenceprotocol[45], in which casethehomekeepsthemostrecentversion

of locationdataandtheprocessorsalwayskeepin touchwith thehome.Actually, the

backingstorecanalsobe logical: reconcile just makesthe local cachepages“latest”

and other remotecopies“invalid”; when the other copiesare accessed,pagemisses

occurandthis will causedatatransferfrom theprocessorwherethe“latest” versionis

located.This is theapproachwe haveadoptedin ourwork.

2.4.4 The PerformanceModel

A lot of work hasbeendoneon the performanceboundsof parallel computing with

variousmethodologies,suchasfork/join [97, 89], heterogeneoussystems [14], DSM

systems[87, 95,121,98], multithreadedmultiprocessors[43], etc.

Cilk providesusersanalgorithmic modelof applicationperformanceto predictthe

runtimeof Cilk programs.The execution time of Cilk programscanbe measuredin

termsof its work and critical path length. The work of a computation, denotedpc� ,
is thenumberof instructionsin thedag of thecomputation, which correspondsto the

amountof time requiredby anone-processorexecution. Thecritical path length of a

computation,denotedpI� , is themaximumnumberof instructionsonany directedpath

in thedag of thecomputation,whichcorrespondsto theamountof time requiredby an

infinite-processorexecution.

For fully strict multithreadedalgorithms runningon � processors,Cilk’s random-

ized work stealingschedulerachievesperformancecloseto a lower bound,which is

p$� * � or p�� . Specifically, for any suchalgorithmandany number� of processors,the
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Cilk schedulerexecutesthealgorithmin expectedtime � / p`� * ���Rp�� 8 [31, 36].

Theabovemodelaccountsfor variousoverheadsintroducedin p`� and p�� by theop-

eratingsystem,sharedmemoryprotocol,etc. Observingsomefactors(i.e. cachesize,

cachemissservicetime, etc)which affect runningtimes,Cilk’s performancemodelis

furtherrefined[32, 61]. With cachesize � whichis partitionedinto � * ' linesof length

' oneachprocessor, total work p�� / � 3 ' 8 is definedastheserialexecutiontimeonama-

chinewith a
/ � 3 ' 8 cache,and p$� is referred asthecomputationalwork, which corre-

spondsto theserialexecutiontimeif all cachemissestakezerotimeto beserviced.The

numberof cachemissestakenin theserialexecution is definedasserialcachecomplex-

ity, which is denotedby � / � 3 ' 8 , sothereexists pr� / � 3 ' 8`� p$���b��� / � 3 ' 8 . Similarly,

the critical-pathlengthcanalsobe split into two portions: Oneis total critical-path

length p�� / � 3 ' 8 , which is themaximum overall directedpathsin thedag of computa-

tion, including thecachemisses,to executealongthe pathby a singleprocessorwith

a
/ � 3 ' 8 cache.The otheris computational critical-path length p$� with zerocache

misscostof thetime. Thefollowing theorem[61] boundstheparallelexecutiontimeof

multithreadedCilk programs:

Theorem 2.4.8 Consideranyfully strict multithreadedcomputationexecutedon � pro-

cessors, each with an ' �j� cacheof height � , usingtheCilk work-stealingscheduler

in conjunction with theBACKERcoherencealgorithm. Let � betheservicetimefor a

cachemissthat encounters no congestion, andassumethat accessesto themainmem-

ory arerandomandindependent.Supposethecomputation has p�� computational work,

� / � 3 ' 8 serial cachemisses,p�� / � 3 ' 8�� p$�^����� / � 3 ' 8 total work, and p�� critical-

pathlength.Thenfor any
fA� 	 , theexecutiontimeis � / p`� / � 3 ' 8?* �)�t���Hp��j�t�Z���r�K�
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������� / � *�f68?8 with probability at least �Z� f . Moreover, the expectedexecutiontime is

� / p$� / � 3 ' 8�* �v�:���Hp�� 8 .

Proof: See [61].  

2.5 Remarks

Clustercomputingis a rapidlygrowing technologyfor parallelanddistributedcomput-

ing anda numberof parallelsystemshave beendevelopedfor clusters.Somecluster

computing systems usedistributedsharedmemoryasa middleware,andthe memory

consistency modelof DSM actsasan underlyingbaseof thehigh level programming

paradigms.

Even thoughmany parallel systems have beendevelopedfor clustercomputing,

few of them are efficient in multiple paradigms. In addition, parallel programming

paradigmsarenot formally andsystematicallyanalyzed.

Cilk is an efficient multithreadedparallelruntimesystem. In clusterenvironment,

thereis no userlevel sharedmemoryin Cilk, becauseCilk was initiatedfor solving

problemsby usingDivide-and-Conquerwith recursion.However, in clustercomputing,

cluster-wideuserlevel sharedvirtual memoryis necessaryin many casesin orderto run

parallel applicationsusingsharedvariableswith someparadigmsother than Divide-

and-Conquer. So it is valuableanddesirableto developa runtime systemto supporta

wider rangeof applications with moreparadigms.



Chapter 3

The Mixed Parallel Programming

Paradigm

Thischapter1 elaboratesontheideaof developingandsupportingmultiple parallelpro-

grammingparadigmsby usingformalmethodsbasedoncomputation-centrictheoryof

memorymodel[62].

Parallel programmingparadigms(or parallel algorithmic paradigms)defineways

to structurealgorithms to run on a parallelsystem[75]. Usually a particularparallel

systemis goodat oneparticularprogramming paradigms.This limits thegeneralityof

parallelruntimesystems. Soit is desirableto enableaparallelsystemto supportmixed

programming paradigms.In this chapter, formal methodsaredevelopedto addressthe

problemof supporting multiple paradigms.Weshow agraph-theoreticalway to realize

mixedparallelprogrammingparadigmsfrom theviewpointof memorymodels.

Theexecutionof bothsequentialstatementsandparallelcontrolstatementsof apar-
1Thecontentsof thischapterarepartiallypublishedin [106].

32
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allel programcanbe describedby an executioninstancedag ¡ �¢/�£`3 - 8 , wherethe

nodeset
£

representstheexecution of aparallel task, forking of tasks,or synchroniza-

tion, andtheedgeset - representsthedatadependenciesbetweenthenodes.

Given that the executioninstancedagsof differentparadigmshave different fea-

tures,we definea generalparallelprogrammingparadigmwith commonattributesof

dagsand thendefinespecificparadigms(suchasSPMD, Divide-and-Conquer, Mas-

ter/Slave, etc) with their specialfeatureson the dags. Under this graph-theoretical

framework of paradigms,we show thatSPMD,Divide-and-Conquer, andMaster/Slave

areall subsetsof thegeneralparadigm.We furtherextendDivide-and-Conquerto the

mixedparadigmandthismixed paradigmis asuper-setof Divide-and-Conquer, SPMD,

andMaster/Slave.

We alsoobserve that therearesomerelationships amongthe strictnessof compu-

tation, paradigms,and the memoryconsistency models. According to computation-

centricmemorymodeltheory, Cilk with ' � memoryconsistency modelis adequatefor

the fully strict multi-threadedcomputation underthe Divide-and-Conquerparadigm.

Basedon this, thememorymodelis extendedwith
��� �����

consistency (seedetailsin

Chapter5), andthe resultedSilkRoadis capableof supportinga wider rangeof com-

putationandmoreparadigmsbesidesDivide-and-Conquer. This impliesthatunderthe

graph-theoreticalframework of parallelprogrammingparadigm,by extendingthe un-

derlyingmemoryconsistency model,it is possibleto supportlessstrictcomputationand

moreparadigms.

The remainderof this chapteris organizedas follows: Section3.1 proposesthe

graphtheoryfor parallelprogrammingparadigms,thensomewidely usedparallelpara-

digmsareformally definedin Section3.2. In Section3.3,wedefinethemixedparadigm
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andanalyzeits relationshipwith parallelcomputation.Somerelatedwork is introduced

in Section3.4.Finally, Section3.5givesasummary for thischapter.

3.1 Graph Theory of Parallel Programming Paradigm

Therearemany differentdefinitionsfor parallelprogramming paradigm.Theparallel

programming paradigmwe discusshereis thealgorithmic paradigm.A programming

paradigmis aclassof algorithmsthatsolvedifferentproblemsbut havethesamecontrol

structure[72]. In somecases,it is alsocalledparallelprogrammingmodel.

As suggestedby Ian Foster[59], thedesignof parallelalgorithmsconsistsof four

distinct stages:(1)Partitioning; (2) Communication; (3)Agglomeration;and(4)Map-

ping. The agglomerationandmappingare lower level concreteimplementationcon-

siderations(they have, for example,a closerelationshipwith load balancing),while

the partitioning andcommunication dependon abstractsemanticsof the higher level

programming paradigms.Thatmeanstheparadigmsshoulddefinethemeansof parti-

tioning andcommunicationof thetasks.

We try to characterizeparallelprogramming paradigmsfrom theviewpoint of pro-

gramexecution.We saya graph-view of anexecution of a parallelprogramis anexe-

cutioninstance. Notethattheexecution instancedagdefinedin thischapteris different

from the dagdefinedin computation-centricmemorymodeltheory, in that the setof

nodesin the latter is definedin a finer granularity(it representsthe instancesof in-

structionslike readandwrite operationson memory)anddoesnot includetheparallel

control constructs.Beforewe formally defineexecution instance,somenotationsand

itemsusedin thischapterareintroducedfirst.
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In a parallelprogramwhich implementsa parallelalgorithm, thestatementscanbe

dividedinto two classes:thesequentialcomputing statements (includingassignments,

selectionstatements,repetitionstatements, functioncalls,etc) andtheparallelcontrol

statementswhich dealwith parallelcontrol issuessuchasdecomposition andsynchro-

nization.Many paradigmsrequiresomeparallelcontrolstatementsat theprogramming

level to explicitly expressparallelism.

In variousparallelcontrolstatements,“fork/join” is a widely usedfor dynamic par-

allelism. In fork/join parallelism,thesequentialcomputation is split by “fork”ing some

tasksandtheresultsarethen“join”ed, sothatthereshouldbesomeforking andjoining

statementsactingasparallelcontrolstatements.

“Barrier” and “lock” are two other widely usedparallel control mechanisms for

globalsynchronization andmutualexclusion. In following discussion weusethesepar-

allel controlstatements(i.e. fork, join, barrier, andlock) to expressthedecomposition

of asequentialcomputationaswell asthecommunicationin programs.

To simplify the analysisof variousparallelparadigms,it is assumedthat parallel

programswith a certainkind of paradigmcanbewritten in a baseparallellanguage' ,

which consistsof a setof necessarysequentialstatements plusa setof parallelcontrol

statements.TheEBNF syntaxof statementsin ' canbedemonstratedasfollows ( qrq is

for sequentialstatements; �tq is for parallelcontrolstatements;q`' is for statementlist;

token id representsavariable;andtokenexpr representsanexpression):

qrq l¤l¥� ¦
§
¨
id
�

expr
¨
if - then q`' ¦ else q`' § end
¨
for , ��©«ª n l¥� nj- to - ¦­¬6® - § do qr' end
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¨
return -

�jq l¤l¯� ¦
§
¨
fork q`' ¨ join

¨
lock (E)

¨
unlock (E)

¨
barrier

¨
forall , ��©«ª n l¥� nj- to - ¦­¬6® - § do qr' end

q`' l¤l¯� / qrq ¨ �jq 8°[�± qr' \
Hencetheexecutionof theparallelprogramis separatedinto many “small executions”

by performingparallelcontroloperationsspecifiedby theparallelcontrolstatementsin

theprogramwritten in ' . Eachsmall execution is a paralleltask,which is definedas

follows:

Definition 3.1.1 A(parallel) taskisanexecutionbetweentwoconsecutiveparallel con-

trol operationsona processorduring therunningof a parallel programwritten in base

parallel language ' .

Fromthedefinitionweknow thataparalleltaskis adynamicconcept.It is thebasic

unit of continuousexecutionwithoutbeinginterruptedby parallelizingconstructson a

processor.

To clarify theabovedefinition,Figure3.1(a)showsthecorepseudocodeof sequen-

tial matrix multiplication (
�j3 � 36� arematricesand

�²�³� �R� ), andFigure3.1(b)

shows its parallelizedcounterpart.In Figure3.1(b),thedatais (implicitly) dividedinto

severalparts( ´ rangesfrom µg¶ ��· ¶ �Z´ to
ª�¸�� �Z´ ) to beprocessedin parallel. Thereis

alsoa global synchronization(the barrier statement)in orderto join all of the partial

results.In this example,eachsub-computation betweenthestartpoint andthe joining

point canbetreatedasa paralleltask.Similarly, In Figure3.2,thepseudocodeof cal-

culatingFibonaccinumbersis shown (boththesequentialandtheparallelversion). In
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for
 i
 := 0 to
 matrix_size
 do

¹

  for
 j

º

 := 0 to
 matrix_size
do

¹

    for
 k
 := 0 to
 matrix_size
do

¹

      R(
 i, j
) += A(

»

i,k
) x B(

»

k,j
 );

»

for

¼

i
 :=
 start_Pi
   to
 end_Pi
 do

¹

  for
 j

º
 := 0 to
 matrix_size
 do


¹
    for
 k
 := 0 to
 matrix_size
 do


¹
      R(
i , j
) += A(


»
i ,k
 ) x B(


»
k, j
 );

»

barrier;


...


(a)
 (b)
 (c)


    end

  end

end
½

      end

    end

  end


Figure3.1: Demonstrationof a parallelmatrix multiplication program(
�¾�¿� �O� )

andits execution instancedag.

the parallelcode,“fork” and“join” areusedto specify the explicit decomposingand

synchronization of thetasks,while noexplicit fork is usedin Figure3.1.

Like in the graphanalysisof sequentialprograms,theremay alsobe precedence

constraintsbetweentheparalleltasks.Sometaskscannotbeexecuteduntil someother

taskshasbeenfinished. In our notations,Q is usedto describethis relationship.For

tasks F and M , if F mustbe executedbefore M andthereis no othertasksin between,

thenwe say F�Q¿M , which meansthereis an edge
ª

from F to M andit is denotedas

ª�l9/ F 3 M 8 . If FHQ�M , wesay F is theimmediatepredecessorof M , or
7À·�ª
�9/ M 8`� F and M is

the immediatesuccessorof F , or µ
F9ÁÂÁ / F 8{� M . This precedenceconstraintsalsoapply

to theparallelcontroloperations.

Definition 3.1.2 Anexecutioninstanceofaparallel programisadirectedacyclicgraph

(dag) ¡ �Ã/�£`3 - 8 , where
£

is a setof verticesrepresentingtasksandparallel control

operations, - is a setof edgesrepresentingprecedenceconstraints betweentasksand

parallel control operations.
£

and - aredefinedasfollows:
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Fib (n)


  if n < 2
   then return n;

  else

    x =
 fork
 Fib (n-1);

    y =
 fork
 Fib (n-2);


join

Ä

;

    return (x + y);

 end


Fib (n)

  if n < 2 then return n;

  else


    x = Fib (n-1);


    y = Fib (n-2);


    return (x + y);

end
Å

(a)
 (c)
(b)


Figure3.2: Demonstrationof aprogramcalculatingFibonaccinumbersandits execute
instancedag

% £���£ u+Æ £zÇ Æ £9È , where

–
£ u ��[ M ¨ M is a noderepresentinganexecutionof a task

\
,

–
£zÇw��[ M ¨ M is a nodeandoutgoing degree

/ M 84� � \ , and

–
£9È)�.[ M ¨ incoming degree

/ M 84� � \ .
% ª��U/ F 3 M 8 G_- iff FwQ�M . Furthermore, - � -+É Æ - È , where

– -ÊÉ �S[e/ F 3 M 8 ¨ F«G £ÀÇ \ and

– - È)��[e/ F 3 M 8 ¨ FËG £9È�Ì M~G £zÈ \ Æ [e/ F 3 M 8 ¨ FËG £ u)ÍËM~G £ u \ .

Theverticesin ¡ aredividedinto threeclasses:tasknodes
£ u , forking nodes

£9Ç
,

andsynchronizationnodes
£�È

. Specifically, the forking nodesrepresentthe behavior

of splitting computation into many tasksundera paradigm.This canbe doneimplic-

itly or explicitly, statically or dynamically, dependingon thesemanticsof thedifferent

paradigms.An explicit way is usingthefork parallelcontrolstatement.For staticsplit-

ting,wehave
¨ £zÇ ¨ � � , whichmeansthesplitting is doneatthebeginning of thecompu-
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tationby theforking node( thestartnodeM�Î ). For thoseparadigmswhichsplit compu-

tationdynamically, wehave
¨ £�Ç ¨ � � , whichmeansbesidesthe M�Î , therearesomeother

splittings during the computation. The outgoingedgesfrom the nodesin
£"Ç

arethen

definedasdistributingedges-+É , whichrepresentsthebehavior of distributing thetasks

to theavailableprocessors.Lastly,
£�È

is abstractedfrom thesynchronization/joining of

tasks. Intuitively they arethe joining of partial resultsor barrier-like synchronization

betweenthe tasks. It actuallyshows thedatadependencein parallelcomputation.
£IÈ

canrepresenteitherpartialor globalsynchronization.Theedgesconnectingto or from

£zÈ
arealsoclassifiedinto synchronizationedges - È . - È alsoincludesthemutualedges

which representthe synchronization betweentwo individual tasks(intuitively, this is

abstractedfrom “lock” and“unlock” operationsin computation).

To further illustratethedefinitionof executioninstancedag,Figure3.1(c)andFig-

ure 3.2(c)show the parallelexecution instancedagscorrespondingto the parallelized

programin Figure3.1(b)andFigure3.2(b)respectively.

Paradigmsdiffer in partitioning computation, mappingtasksto processors,and

definingthe synchronization mannersof tasks. So their execution instancedagsalso

differ from eachother. Theimplementationof a paradigmdependson theruntime sys-

temwith thescheduling andloadbalancingpolicies.Thedetailsof implementationare

out of thescopeof our discussion andwe only careaboutthesemanticsof theabstract

logicalexecutionof computation.

With memorymodeldefinition in the computation-centrictheory[62] (seeChap-

ter2) andthedefinitionof executioninstancedag,now parallelprogrammingparadigm

canbedefinedasasetof tuplesof parallelprograms,memorymodel,andtheexecution

instancedags:
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Definition 3.1.3 A parallel programmingparadigm is a set Ï)Ð2Ñ �U[e/2�t3 d 3 ¡ 8{le� is a

parallel programand ¡ is anexecutioninstancedag of
�

onmemorymodel d \ .

Wesay Ï�Ð2Ñ is ageneralparallel programming paradigm for parallelcomputing. It

definesthegeneralelementsin paradigms.However, specificparadigmsmayalsovary

in semanticswith theunderlying runtimesystemandscheduler. In thefollowing section

we defineseveralwidely usedparadigmsandprove thatthey aresubsetsof thegeneral

paradigm.

3.2 SomeSpecificParadigms

In this section,we defineandanalyzeseveralspecificparadigms,i.e. SPMD,Divide-

and-Conquer, andMaster/Slaveandtheir relationships with thegeneralparadigm.

SPMD

Definition 3.2.1 TheSPMD(SingleProgram MultipleData)paradigm Ï SPMD
�S[e/2�j3

d 3 ¡ 8 ¨ where ¡ �Ò/�£`3 - 8 is anexecutioninstancedag of parallel program
�

onmem-

ory model d on � processors
\
, the verticesset

£
and edges set - are definedas

follows:

% £���£ u Æ £zÇ Æ £9È , where

–
£ u ��[ M ¨ M is a noderepresentinganexecutionof a task

\
,

–
£zÇw��[

startnodeM�Î \ , and

–
£9È)�.[

outgoing degree
/ M 8c� 	 or �tÍ incomingdegree

/ M 8r� � \ .
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Distribute Data


Calculate
 Calculate
Calculate
Calculate


Calculate
Calculate
Calculate
Calculate


Exchange
 Exchange
Exchange
 Exchange


Collect Results


(b) Basic structure of a SPMD program
 (c) execution instance dag


forall
 i

Ó

:=0
 to n do


  for
 j

Ô

:=0
 to N do


    x[
i

Ó
] := f_i(x);


    barrier;


end


end


(a) An example program


Figure3.3: Thestructureandexecutioninstancedagof SPMDprograms

% ª��U/ F 3 M 8 G_- iff FwQ�M . Furthermore, - � -+É Æ - È , where

– -ÊÉ �S[e/ F 3 M 8 ¨ F«G £ÀÇ \ and

– - È)��[e/ F 3 M 8 ¨ FËG £9È�Ì M~G £zÈ \ .

In SPMDthedatais staticallydivided into � partitionsat thestartnode MÕÎ (where

� is thenumberof processors).Theprocessorsthenexecutethesamepieceof program

codeoperatingon differentdatasets.During thecomputing, thesub-computation may

needto synchronizeat the barriernodes.The partial resultson all processorswill be

joined togetherat the final vertex of the execution instancedag. Figure3.3 shows a

sampleSPMDprogram,thestructureof typicalSPMDprograms(figure(b)comesfrom

[39]), andthedemonstrativeexecution instancedag.

In the following, the relationship betweenthe SPMD paradigmand the general

paradigmis discussed.First, it is necessaryto definethe “ Ö ” relationof two graph

sets.We sayset
�

is a subsetof set � (denotedby
� ÖS� ) if for any element

� G � ,

thereexists an“equivalent”element
¬ Gs� , andthereexists at leaseoneelementÁ in �
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which hasno equivalentelementsin
�

. Herewe sayelement
¬

is “equivalent” to ele-

ment
�

means
¬

is
�

(
¬A���

) or
¬

is isomorphicto
�
. This “equivalent” conceptcanalso

beappliedto setsof multi-tuples,in which caseanelementis a multi-tuple. We saya

multi-tuple
/k� � 3×��Øg3�Ù�Ù¤Ù¤36��Ú�8 is equivalentto amulti-tuple

/2¬ � 36¬6Ø
3�Ù�Ù¤Ù¤36¬×Ú�8 if
� � is equivalent

to
¬ � , ��Ø is equivalentto

¬ÂØ
, ..., and

��Ú
is equivalent to

¬ÂÚ
.

Theorem 3.2.2 Ï SPMD ÖDÏ+Ð2Ñ .
Proof:

�
a tuple

/2�t3 d 3 ¡ 8 G�Ï SPMD, thereis an executioninstancedag ¡ SPMD
�

/k£
SPMD

3 - SPMD
8
. we constructanisomorphic graph ¡ n �Û/�£ n 3 - n 8 of ¡ andthenprove

theequivalent threetuple
/2�t3 d 3 ¡ n 8 GbÏ�Ð2Ñ . We first constructanisomorphicgraph ¡ n

by following steps:

1. Let ¡Zn hasthesamë
£ ¨

as¡ SPMD, so
£ n canalsobedefinedas

£ n �Ü£ nu Æ £ nÇ Æ £ nÈ
similarly where

£ nu 3°£ nÇ , and
£ nÈ have the samesemanticsas

£ u SPMD

3°£ÀÇ
SPMD , and

£zÈ
SPMD respectively.

2. Uniquely tag all the verticesin
£

SPMD with 	 andnaturalnumbers,say, tag the

startnodewith 	 andfinal nodewith ÝÞ��� , where Ý � ¨ £
SPMD

¨
.

3. Carrythetagsof thenodesin ¡ SPMD over to thenodesin ¡�n .
4. For eachnode Màß�G £ SPMD

/ ´ � 	 3 � 3 � 3gÙ�Ù¤Ù Ý~�Ü� 8 , for all edgesconnectingM and

otheradjacentnodesin
£

SPMD, createcorrespondingedgesconnectingM�n andcor-

respondingnodesin
£ n .

So we have a graph ¡ n which is isomorphic to ¡ SPMD. Now we prove that the

equivalent threetuple
/=�t3 d 3 ¡�n 8 GsÏ+Ð2Ñ :

� M�n9G £ n , weconsiderthreepossibilities:
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1. if M�nzG £ nu , M�n representsanexecutionof atask,whichis mappedfrom thevertices

in ¡ SPMD, so M n G £ uÂáãâ ;
2. if M�nzG £ nÇ , thenwehave M�n � M�nÎ , so M�nzG £ÀÇ áãâ ;

3. if M�n9G £ nÈ , accordingto definitionof Ï SPMD, wehave incomingdegree
/ M&n 8r� � �

� , so M�n9G £9È á=â .
��ª n �0/ Fzn 3 M�n 8 Gs-Zn , two possibilities areconsidered:

1. if
ª n9Gs-ZnÉ , sinceFzn9G £ÀÇ á=â , so

ª n�G_-ÊÉ á=â ;
2. if

ª n G�- nÈ , then F n G £zÈ áãâ or M n G £zÈ áãâ , accordingto Definition 3.1.2,
ª n also

G_- È á=â .
So ¡ n is alsoanexecutioninstancedagandaccordingto Definition3.1.3,

/=�t3 d 3 ¡ n 8 G
Ï�Ð2Ñ . That is to say, for every

/2�t3 d 3 ¡ SPMD
8

tuple in Ï Èàäzå É , we canconstructa ¡�n
suchthatthereis aequivalentthreetuple

/2�t3 d 3 ¡ n 8 GyÏ�Ð2Ñ .
On theotherhand,we canfind at leastone

/2�j3 d 3 ¡ 8 in ÏZÐ2Ñ suchthat
/2�j3 d 3 ¡ 8 is

not in Ï SPMD. For example,we canfind a ¡ whose
¨ £ÀÇ ¨ � � , whichmeansit hassome

otherdistributingnodesbesidesthestartnodeMeÎ , sothis ¡ is notanexecution instance

of Ï SPMD, sothis tuple
/2�j3 d 3 ¡ 8 TGyÏ SPMD. Finally wehave Ï SPMD Ö�Ï�Ð2Ñ .  

Divide-and-Conquer

Definition 3.2.3 TheDivide-and-Conquerparadigm Ï DC
�æ[e/2�j3 d 3 ¡ 8 ¨ where ¡ �

/k£r3 - 8 is an executioninstancedag of parallel program
�

on memorymodel d \ , and

theverticesset
£

andedgesset - aredefinedasfollows:

% £���£ u+Æ £zÇ Æ £9È , where
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–
£ u ��[ M ¨ M is a noderepresentinganexecutionof a task

\
,

–
£zÇw��[

startnodeM�Î \ Æ [ M ¨ incomingdegree
/ M 8c� �àÍ outgoing degree

/ M 8m�
� \ , and

–
£9È)�.[ M ¨ incoming degree

/ M 84� �àÍ outgoing degree
/ M 8`� � \ .

% ª��U/ F 3 M 8 G_- iff FwQ�M . Furthermore, - � -+É�Æv- È , where

– -ÊÉ �S[e/ F 3 M 8 ¨ F«G £ÀÇ \ and

– - È)��[e/ F 3 M 8 ¨ MoG £9È \ .

Theorem 3.2.4 Ï DC ÖDÏ+Ð2Ñ .

Proof:
�

a tuple
/2�j3 d 3 ¡ 8 G³Ï DC where ¡ DC

� /�£
DC
3 - DC

8
, we constructan

isomorphic graph ¡ n �³/k£ n 3 - n 8 of ¡ by usingthesamemethodof theorem3.2.2. In

thefollowing we thenprove
/=�t3 d 3 ¡ n 8 GyÏ�ÐkÑ .

� M�n9G £ n , threepossibilities areconsidered:

1. if M�nzG £ nu , M�n representsanexecutionof atask,whichis mappedfrom thevertices

in ¡ DC, so M n G £ uÂá=â ;

2. if M�nzG £ nÇ , thenwehave incomingdegree
/ M�n 8`� 	 or � andoutgoing degree

/ M&n 8m�
� , thatis to say M&n is thestartnode M&nÎ or a nodewith outgoing degree

/ MÕn 8A� � , so

M�nzG £ÀÇ á=â ;

3. if M�n$G £ nÈ , accordingto definitionof Ï DC, we have incomingdegree
/ M&n 8+� � , so

M�nzG £zÈ áãâ .
��ª n �0/ Fzn 3 M�n 8 Gs-Zn , two possibilities areconsidered:
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1. if
ª n9Gs-ZnÉ , sinceFzn9G £ÀÇ á=â , so

ª n�G_-ÊÉ á=â ;

2. if
ª n9Gs-ZnÈ , then M�n9G £zÈ áãâ , accordingto Definition3.1.2,

ª n also Gs- È á=â .

So ¡�n is alsoanexecution instancedagandaccordingto Definition 3.1.3,
/2�t3 d 3 ¡KnIG

Ï�Ð2Ñ . Thatis to say, for every
/2�j3 d 3 ¡ DC

8
tuplein ÏZÉ a , wecanconstructa ¡Zn suchthat

/=�t3 d 3 ¡�n 8 G]Ï�Ð2Ñ .
On theotherhand,we canfind at leastone

/2�j3 d 3 ¡ 8 in ÏZÐ2Ñ suchthat
/2�j3 d 3 ¡ 8 is

not in Ï DC. For example,wecanfind a ¡ whose
¨ £zÇ ¨ � � , whichmeansit hasonly one

forking node,i.e. thestartnodeM�Î , sothisexecutioninstancedag ¡ is notanexecution

instanceof Ï DC, sothis tuple
/=�t3 d 3 ¡ 8 TGyÏ DC. Finally we have Ï DC ÖDÏ�Ð2Ñ .  

Figure3.2(c)shows theexecutioninstancedagof programFib(3).

Master/Slave

Definition 3.2.5 TheMaster/Slaveparadigm çjè�éÞêSëeì=ítî6ïXî6ðjñàò where ð.ê0ì�ó`î6ôtñ is

anexecutioninstancedag of parallel program í onmemorymodelï|õ , andthevertices

set ó andedgesset ô aredefinedasfollows:

ö ó�ê�óÕ÷+ø�ózù�ø�ó9é , where

– óú÷«ê�ëàû�ò û is a noderepresentinganexecutionof a task õ ,
– ózùwê�ë startnodeû�ü�õ , and

– ó9é)ê.ëàû�ò incoming degreeì2ûeñrêÜý�þ outgoing degreeì2ûeñ`êPÿ�õ .
ö�� êUì��Iî?ûÕñ��_ô iff ����û . Furthermore, ô�êÜô	��øvôÊé , where

– ô
��êSëeì��$î×ûeñ
ò ���yóÀù^õ and
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master

distribute tasks


slave1
 slave4
slave3
slave2


terminate


(a)
 (b)


Figure3.4: Thestructureandexecutioninstancedagof staticMaster/Slaveprograms

– ôÊé)ê�ëeì��$î×ûeñàò û
�só9éúõ .
In the Master/Slave structure,masterprocessproducestasksanddistributes them

to slaves. Whenslavesfinish tasks,they return the resultsbackto the master. Com-

munication only occursbetweenthemasterandslaves,so the incoming degreeof the

synchronization nodesis two (onefrom masteritself andtheotherfrom a slave). The

tasksareproducedstatically, sotheforking nodeis thestartnode,which is in themas-

ter process.Staticor dynamicloadbalancingstrategy canused.Figure3.4 shows the

structureof staticMaster/Slave programsand the executioninstancedag (wherefig-

ure(b)comesfrom [39]).

Theorem 3.2.6 ç�è�é��Dç	��� .
Proof: � a tuple ì2íjî6ïXî6ðtñ�� ç MS where ð MS ê ì�ó MS î6ô MS ñ , we constructan

isomorphic graph ð���ê³ìkó���î6ô�� ñ of ð by usingthesamemethodof theorem3.2.2. In

thefollowing we thenprove ì=ítî6ïXî6ð � ñ��yç���� .
��û � �yó � , weconsiderthreepossibilities:
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1. if û � �]ó �÷ , û � representsanexecutionof atask,whichis mappedfrom thevertices

in ð MS, so û����yóú÷���� ;
2. if û � �yó �ù , then û � ê û�ü , so û � �sózù ��� ;
3. if û � �só �é , accordingto definitionof ç MS, wehave incomingdegreeì=û � ñcê�ý! �ÿ ,

so û��"�só9é#��� .
� � � ê0ì�� � î×û � ñ$�sô � , weconsidertwo possibilities:

1. if � � �sô �� , since� � �yóÀù ��� , so � � �_ô
� ��� ;
2. if � �%�sô��é , then û&�%�yózé���� , accordingto Definition3.1.2, � � also �sôÊé#��� .

So ð � is alsoanexecutioninstancedagandaccordingto Definition3.1.3, ì=ítî6ïXî6ð � ñ'�
ç���� . Thatis to say, for every ì2ítî×ï«î×ð MS ñ tuplein ç�è�é , wecanconstructa ð � suchthat

ì=ítî6ïXî6ð � ñ��]ç���� .
On theotherhand,we canfind at leastone ì2íjî6ïXî6ðjñ in ç���� suchthat ì2íjî6ïXî6ðtñ is

not in ç MS. For example,we canfind a ð whose ò óÀù�ò( Ûÿ , which meansit hasmore

thanoneforking node,sothis executioninstancedag ð is not anexecution instanceof

ç MS, sothis tuple ì2ítî×ï«î×ðtñ	)�]ç MS. Finally wehave ç MS �Dç���� .  
In Master/Slave, the decomposition is performedstaticallyby the masterprocess

beforeparallelcomputing begins, the distribution andjoining aredoneby the master

processandslaveprocessesareonly responsible for computation.

Thereis no overlappingbetweenç SPMD and ç DC, becausefor thenodesin ó�é SPMD,

their outgoing degreeis * (for thefinal node)or thenumberof processors+ , while for

thenodesin ó�é DC, their outgoing degreeis ÿ . Intuitively, thesynchronization nodesin

SPMD arefor global synchronization (suchasbarrier)andthesynchronizationnodes
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SPMD Master/Slave

Divide and
Conquer

Mixed paradigm

general paradigm

Figure3.5: Therelationship betweenthediscussedparallelprogrammingparadigms.

in Divide-and-Conqueronly go to thenext taskor returnto its fathertask’s procedure.

TherelationbetweenSPMD,Divide-and-Conquer, andMaster/Slavecanbeillustrated

by Figure3.5.

3.3 The Mixed Paradigm

A memorymodelspecifiesthevaluesthatmaybereturnedby memorywith theexecu-

tion of a memoryoperation.Differentparadigmsmay have differentsynchronization

features:implicit or explicit, local or global. This resultsin differentmemorymodel

requirements.For example,for Divide-and-Conquer, LocationConsistency is enough,

sinceno global sharedvariablesandsynchronizationsrequired. However, for SPMD

or Master-Slave, they mayneeduserlevel globallysharedmemory, sincetheprograms

may have global sharedvariablesandsynchronizations. For a particularparallelpro-

grammingparadigm,theexpressionof parallelismis a high level programming issue,

andits lower level memorymodelimplementationcanvarygreatly.

With theaboveobservation, weattemptedto enlargeDivide-and-Conquerparadigm
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by extendingthememoryconsistency modelandproviding userlevel sharedmemory.

Westartourdiscussionfrom thestrictnessof parallelcomputation.

3.3.1 Strictnessof Parallel Computation

Our discussion on the strictnessof parallelcomputationis basedon the discussionin

Blumofe’sPh.Dthesis [31]. Blumofedefinedthestrictnesscondition of multithreaded

computation. Accordingto [31], a strict multithreadedcomputation is a computation

whereeverydependency edgegoesfrom athreadto oneof its ancestorthreads.In fully

strict computation, thefatherthreadonly synchronizeswith its child threadsandits own

parent.This definition is built on multithreadedcomputing with Divide-and-Conquer,

in which casea computation is divided into independentsub-computationsand they

only returntheresultsto theirupper-level computation.

For theparallelprogrammingparadigmsotherthanDivide-and-Conquer, theremay

besomecaseswherethesub-computationsneedto synchronizewith eachother. If we

extendtheexecution instancedagsof Divide-and-Conquerby providing suchsynchro-

nizationnodesor edges,thenextendeddagsalsoallow synchronizationsbetweenthe

sibling threads.We saythecorrespondingparadigmis a mixedparallel programming

paradigm and the parallel computation is partially strict computation, which can be

definedasfollows:

Definition 3.3.1 For a givenfully strict computation,¾ê ìkðKî.-./9ñ , if there existssyn-

chronizationedges ô �é andsynchronizationnodesó �é such that ð � êÜð10wô �é 0_ó �é is a

directedacyclicgraph, then ì2ð � î.-./9ñ is a partially strict computation.

We saythe dag ð � is an extendeddagof ð andit is an executioninstancedagof
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a partially strict parallelcomputation. In the extensionof the dag,a global synchro-

nizationcanbemappedto asynchronization nodewith someincomingedgesandsame

numberof outgoing edges(usuallythis numberequalsto thenumberof processors);a

globalmutualexclusion canbemappedto a singlesynchronizationedgebetweentwo

nodes.Moredetailswill beillustratedin Chapter5.

3.3.2 Computation Strictnessand Paradigms

Theprogramming paradigmdefinitionalsosuggestsits relationship with thestrictness

of computation. In thissectionourdiscussion is basedonthedefinitionof thestrictness

of computationin [31]. Accordingto [31], computation canbe non-strict,strict, or

fully strict. In thefully strict computation, every dependency goesfrom a threadto its

parent(directancestor).In a strict multithreadedcomputation, every dependency edge

goesfrom athreadto oneof its ancestorthreads.23, is suitablefor thefully strictcom-

putation. By extendingthedagwith synchronizationedges,we relax the strictnessof

computation andhave thepartially strict computation. In partially strict computation,

a threadcansynchronizenot only with its parents,but alsowith its siblings. Based

on the extendeddag, a consistency modelnamed45, 6&798 (seefurther discussion in

Section5.3) is defined.If thestrictnessof computationis furtherrelaxed, thenwe get

thenon strictcomputation,in whichcasethreadscansynchronizewith eachotherarbi-

trarily. Theappropriatememorymodelsupporting this computationis :;, (Sequential

Consistency). Therelationshipbetweenprogrammingparadigm,strictnessof memory

model,strictnessof computationcanbedemonstratedby Figure3.6. Thisfigureshows

thatwhenextendingthememoryconsistency model,thecorrespondingcomputationis
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fewer paradigms

LC 

RC_dag

SC

non-strict partially
 strict

fully strict

greater computation
strictness

Figure3.6: Therelationshipbetweenparadigms,memorymodels,andcomputations.

stricter, andit mayalsosupportmoreprogrammingparadigms.

3.3.3 Paradigmsand Memory Models

In DSM-basedparallelsystems,parallelprogramming paradigmsneedtheunderlying

supportfrom memoryconsistency modelsfor certainkinds of parallel computation.

Specifically, Divide-and-Conquerparadigmrequirestheunderlying 2;, for fully strict

computation; the neededmemorymodel in the mixed paradigm(seenext section)is

actually the 45, 6&7�8 memorymodel for partially strict computation; andthe general

paradigmwith :<, is appropriatefor non-strictcomputation.

3.3.4 The Mixed Paradigm

In this sectiona mixed parallel programming paradigmis developed on the basisof

Divide-and-Conquerandtheextensionfrom 2;, to 45, 6=798 .
Definition 3.3.2 The mixedparadigm is a set ç MP ê ëeì2íjî6ïXî6ðjñàò ð is the extended



Chapter 3. The Mixed Parallel Programming Paradigm 52

executioninstancedag of parallel program í on thecorrespondingextendedmemory

consistencymodelï|õ .

Theorem 3.3.3 ç MP > ç DC.

Proof: �"ì2íjî6ïXî6ð DC ñ?�yç DC, ï is 23, consistentmemorymodel, ð DC is theexecu-

tion instancedagof í on ï . Accordingto definition3.3.1, ð DC @ ð � where ð � is an

extendeddagof ð . Sothereexist a threetuple ì=ítî6ïXî6ð�� ñ suchthat ì=ítî6ïXî6ð�� ñ
��ç MP.

Sowehave ç MP > ç DC.  

Theorem 3.3.4 ç MP > ç SPMD.

Proof: �"ì=ítî6ïXî6ð SPMDñ��yç SPMD, ð SPMD is theexecutioninstancedagof í . Accord-

ing to definition 3.3.1anddefinition 3.2.1,the nodesandedgesof ð SPMD aresubsets

of thoseof ðjè	A (i.e. ð � ) respectively, so ð SPMD @ ð � where ð � is an extendeddag

of ð . So thereexist a threetuple ì=ítî6ïXî6ð�� ñ suchthat ì2íjî6ïXî6ð�� ñ���ç MP. Sowe have

ç MP > ç SPMD.  

Theorem 3.3.5 ç MP > ç MS.

Proof: �"ì2ítî×ï«î×ð MS ñ?�]ç MS, ð MS is theexecutioninstancedagof í . Accordingto

definition3.3.1anddefinition3.2.5,thenodesandedgesof ð MS aresubsetsof thoseof

ð�è	A (i.e. ð � ) respectively, so ð MS @ ð � where ð � is anextendeddagof ð . So there

exist a threetuple ì2íjî6ïXî6ð � ñ suchthat ì2ítî×ï«î×ð � ñ��sç MP. Sowehave ç MP > ç MS.  
Intuitively, introducingglobalbarriersmakesSPMDpossible,andintroducingglobal

locksfacilitatestheMaster/Slaveparadigm.Themixed paradigmis shown in Figure3.5

(thedottedcircle).
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3.4 RelatedWork

This sectioncovers the relatedwork on following varioustopics: integrating multi-

pleparallelprogrammingparadigms/models,languagesupportfor multipleparadigms,

graphanalysisof programsor computation,strictnessof computation, etc.

Therehasbeensomeresearchworkonthemultiple parallelprogrammingparadigms

accordingto variousdefinitionsof paradigmthataredifferentfrom ours.Milli pedevir-

tualparallelmachine[81] providesasetof interfaceto supportParC[17], CParPar [16],

andJava [69, 91] for clustercomputing,eachof whichstandsfor a socalledparadigm.

Hamelinet.alprovidedamulti-paradigmobjectorientedparallelenvironment[71] sup-

porting both control anddataparallelismusingboth SPMD modelandsharedvirtual

memory. Leichl et al. analyzedthe multi-parallelparallelism,which wasdefinedby

themto be the simultaneousapplicationof both distributedandsharedmemorypar-

allel processingtechniquesto a single problem[92] in clusters. Anthony Hey et.al

implementedmulti-paradigmparallel programming with Occam[73] for transputers

by supporting “processorfarm”, “geometricarray”, and“algorithmic pipe” paradigms.

Hansendefineda programming paradigmand a programmingmethodology for sci-

entific computing basedon programmingparadigmsfor multicomputersin [72]. He

discussedthe following paradigms:pipeline, divide andconquer, parallelmontecarlo

trials,andparallelcellularautomata.IanFosterdiscussedthedesignissuesin designing

parallelalgorithm procedurein [59]. A lot of work hasbeendoneon integratingpar-

allel programmingparadigms/models,but the paradigmsweredefineddifferentlyand

few of themformally analyzetheroleof memoryconsistency modelin paradigms.

Somerelatedwork is focusedmoreonparallelprogramminglanguages.Aikenetal.
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examinedsynchronization patternsfor differentstyleparadigmsandlanguagesin [7].

Mani ChandyandIanFosteretal. [42] providedanintegratedsupportfor taskanddata

parallelismby providing languageextensionsandcompile-timeanalysis.Their work

wasbasedonintegrating FortranM andHPF. Scottetal. discussedmulti-modelparallel

programming in PSYCHEin [118] basedonsharedmemoryandmessagepassingmod-

els. Rabhi[111] analyzedanapproachof providing anintermediatelevel consisting of

commonparallelprogrammingparadigmsincluding dataparallel,processornetworks,

etc. Rehget al. [113] discussed integratedtaskanddataparallelsupportfor dynamic

applications. Theabovework did notdiscusstherelationshipbetweenmemorymodels

andparadigms.

Therewerealsoa lot of graphanalysiswork (or dag-basedwork) on parallelpro-

grammingand scheduling,but they are not focusedon both parallel programming

paradigmsandmemorymodels. Filho et al. useda graph-theoreticmodelto analyze

shared-memorylegality [57]. Their modelis basedon graphexpressionof read/write

operationson memorylocationsandshows whatoperationordersarevalid. Although

they alsousetheacyclic dagto analyzememorymodels,theirwork is focusedonrather

basicformal discussionon memoryoperationordersandprogramming paradigmsare

not mentioned.JeanneFerranteet al. presentedprogramdependencegraph(PDG) in

[56]. V. Sarkaret al. [117, 116] studiedparallelprogramgraph(PPG)on the basis

of controlflow graphsanddatadependencegraphs.T.Ball andS. Horwitz proposeda

way to constructcontrol flow from datadependencein [13]. Blieberger et al. [29]

analyzedsymbolic dataflow for taskingprograms.Cytron [46] analyzedcontroland

datadependenceproposedautomaticgenerationof DAG parallelismfrom sequential

programs.StoltzandWolfe [123, 124] studieda sparsedata-flow techniquefor DAG
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parallelprogramsusingprecedencegraph.Thorntonetal. gaveagraphanalysisfor run-

timeminimizingin multi-threadedarchitecturesin [131]. Blellochetal. studiedrelated

parallelalgorithmsanddefinedanddiscusseddirectedacyclic graphs(dags)in NESL

[27, 25, 28]. Alain Darteet al. discussed schedulingandautomatic parallelizationin

[48].

The strictnessof computation is discussedin Blumofe’s Ph.D thesis[31], where

fully strict computationis definedandanalyzedin Cilk system.However, it is basedon

Divide-and-Conqueronly andis not relatedto multiple paradigms.

3.5 Summary

This chapterpresentsa novel way to view anddefineparallelprogrammingparadigms

by taking the underlyingmemorymodelsinto accountas an important factor. The

programming paradigmsaredefinedandanalyzedin termsof a dagview of the exe-

cution. It shows theapproachto supportmultiple paradigmsby extending thememory

model,andhencesupporta wider rangeof parallelcomputation. A mixedparadigmis

proposedbasedon the extensionsof the dagof Divide-and-Conquerprograms(based

on 2;, ),Themixed paradigmis a super-setof someparadigmsincluding Divide-and-

Conquer, SPMD, andMaster/Slave. Our mixed paradigmis supportedby SilkRoad,

which is basedon the 45, 6&798 consistency modelextendedfrom 23, .



Chapter 4

SilkRoad

This chapterdescribestheSilkRoadsystem, which is developedto explorethe ideaof

supportingmultipleparallelprogrammingparadigms.

SilkRoadis avariantof theCilk system.It is developedbasedonCilk by extending

its memoryconsistency modelwith 45, 6&798 consistency (seeChapter5 for details).

SilkRoaddoesnot usethe backingstoreasthe “home” of the global virtual memory

pagesfor theruntimesystem.Instead,it introducesthesemanticsof theLazy Release

Consistency ( 2;45, ) [84] to maintaintheconsistency of thepageson eachprocessor’s

localmemory.

At theprogramming level, SilkRoadprovidesa sharedmemoryfor users.With the

user-level sharedvirtual memory, therecanbesharedvariablesin parallelprogramsin

SilkRoad,andprogrammerscanusecluster-wide global locksfor mutual exclusion on

sharedvariablesaswell asbarriersfor globalsynchronization.

Theconsequenceof theextensionsis thatSilkRoadis ableto supportbothDivide-

and-Conquerapplicationsandsomeotherapplicationsthatneedto usesharedvariables.

56
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Theseapplicationsarenot fully strict computation(seeChapter3 for detaileddiscus-

sion)andthey cannotberundirectlyonCilk.

Cilk is not only a multithreadedparallel runtimesystem,but alsoa parallel pro-

gramminglanguagebasedon ANSIC with someparallelconstructs.As a variantof

Cilk, SilkRoadinheritstheprogramming featuresof Cilk while introducingmorefacil-

ities to users. In this chapterwe alsoshows how the additional facilities in SilkRoad

cancontribute to programmability and this is illustratedby the solutions to Salishan

problems[55].

Therestof this chapteris organizedasfollows: Section4.1 introducesthefeatures

of SilkRoad. Section4.2 introducesthe programming in SilkRoad, including using

lock andbarriermechanisms for globalsharedvariables.In Section4.3 we show that

the addedfacilities areusedin Salishanprogramsandin the end,Section4.4 givesa

summary for thischapter.

4.1 The Featuresof SilkRoad

SilkRoadinheritsmostof thefeaturesof Cilk. Its runtimesystemalsokeepsCilk’swork

stealingpolicy for loadbalancing.However, SilkRoaddoesnot usea backingstoreas

the homeof the pagesin sharedmemory. Instead,the ideaof 2;45, is introducedto

maintainthememoryconsistency betweenthedistributednodesof acluster, andauser

level sharedmemoryis provided.
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4.1.1 Removing Backing Store

Without the backingstore, in SilkRoad,the modificationsof the local cachedpages

arenot reconciledwith their homes.They arepropagatedto thenext nodethatneeds

the freshcontents,possiblyafterperformingwork stealingandthreadmigration. It is

similar to the situations in 2;45, , wherethe propagationof diffs is delayeduntil the

next remotelock requisitioncomes.Thedifferenceis that in SilkRoad,thetransferof

themodificationsof thesysteminformation is triggeredby threadstealingsandthread

returns,not lock acquisitionsandreleases(in SilkRoadonly the modificationsof the

user-definedshareddataaretransferredbasedon lock or barrieroperations).

In SilkRoad,whenparentthreadandits child threads(assumingthat they areini-

tially runningat thesamenode)areseparatedandrunningon differentnodesbecause

of threadstealing,achild threadwill keepits changesof thememorypageslocally until

threadreturning(see Figure4.1).

Sincethememoryconsistency operationsaretriggeredby threadstealingsandre-

turns, we call it stealing-basedcoherence(SBC). When stealinghappens,the corre-

sponding nodesdonot “reconcile” its modificationto backingstore.Instead,they keep

themlocally. Similarly, whenathreadneedsamemorypage,it “fetches”from thenode

which is the lastmodifier. Onesequenceof removing thebackingstoreis that thereis

lesscommunicationdatabetweenthenodesin thecluster. Moredetailsof implementa-

tion will beprovidedin Chapter5.
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(1): Parent and child thread are on n0 and n1 sends steal request to n0
(2): The modifications of the memory pages on n0 are saved
(3): The parent thread migrated from n0 to n1
(4): The child thread on n0 is finished and save modifications before return
(5): The threads on node n1 need the related pages and fetch them from n0 

parent and
child

Figure4.1: A simpleillustrationof memoryconsistency in Cilk (figureA) andSilkRoad
(figureB) betweentwo nodes(n0andn1).
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and paradigms
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Run-time level memory


Network Interconnection


...


Figure4.2: Thesharedmemoryin SilkRoadconsistsof userlevel sharedmemoryand
runtimelevel sharedmemory.

4.1.2 UserLevel Shared Memory

As it is mentionedbefore,SilkRoadprovidesa sharedvirtual memoryin the cluster

scale.Programmerscanusesharedvariablesin their parallelapplicationswithout con-

siderationof thephysical locationof thedata.Figure4.2illustratesthesharedmemories

in SilkRoad.

Unlike in sequentialprogramming, programmersare responsible for dealingwith

themutualexclusionissuesthemselves. Thiscanbedoneby usingSilkRoad’sSRlock()

andSRunlock() pairs. To performthe global synchronization,SRbarrier() function

shouldbecalled.
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4.2 Programming in SilkRoad

Theapplicationsexecutableon SilkRoadarea super-setof thoseon Cilk. Besidesthe

Divide-and-Conquerprogramsoriginally supportedby Cilk, someapplicationsin other

paradigmswith sharedvariablesandglobalsynchronizationsalsocanrunonSilkRoad.

4.2.1 Divide-and-Conquer

Programmingby usingDivide-and-Conquerwith recursionsin SilkRoadis sameasthat

in Cilk [44].

4.2.2 Locks

In Cilk SMP versions,thereare also mutual exclusion provided, which meanspro-

grammerscanusesharedvariablesvia ,�BDC�E C�-GFHE and ,�BDC�E ��IJC�-GFKE functioncalls.This

featureis directlyavailableonphysically sharedmemorymachinesinsteadof clusters.

Likemany DSM-basedclustercomputingsystems,SilkRoadprovidesthelockmech-

anismfor globalmutualexclusion.AlthoughbothSilkRoad’s lock andCilk’s lock pro-

vide a mechanismto enableusersto usesharedvariables,Cilk’s lock is implemented

by usingOSlevel locksof SMPmachines,while SilkRoad’s lock is implementedwith

clusterwidesharedvirtual memory. Thegeneralformatof usinglocksin SilkRoadis:

SR_lock (i);

...... // accessin g and operati ng on the shared variab le

SR_unlo ck(i);

whereB is thelock number(identificationof thelock).
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Figure4.3 demonstratesa typical SilkRoadexampleprogramusingsharedvari-

ables.In SilkRoadprograms,thememoryof thesharedvariablesmustbeallocatedby

usingdynamicmemoryallocation(i.e. :;4 L�7&C�C�-MF NPOQ7�R � 69ìkñ ) andbeaccessedby using

pointers.

4.2.3 Barriers

Besidesthesynchronizationbetweenparentthreadandchild threads( whichis inherited

from Cilk), globalsynchronizationis alsosupportedin SilkRoad.In orderto doglobal

synchronization betweenall of thethreads(thismayberequiredby someprogramming

paradigmssuchasSPMD),barriersmustbeused.Thegeneralusageof barriersis:

...... // doing parall el comput ing work

SR_barr ier(i);

...... // doing parall el comput ing work

whereB is thebarriernumber(theidentificationof thebarrier).

Figure4.4demonstratesa typicaluseof SilkRoad’sbarriermechanism.

In SilkRoad,barriersaremainly usedfor SPMD programsinsteadof Divide and

Conquerwith recursions.Whenprogramming usingSilkRoadbarriers,the program-

mer should be awareof which particularbarriersthe threadswill stopandwait at. In

SPMD,thenumberof threadsareusuallysetequalto thenumberof theprocessorsin

thesystemandthis is theassumption for bothprogrammersandtheruntimesystem.So

programmersspawn asmany threadsasthe numberof processors,andat the barriers

theruntimesystemis awareof this1. For example,Figure4.4showsaSPMDstylepro-
1In chapter5, thereaderswill find that in implementationof barrier, thebarrier manager will count

thenumberof barrier requestsandcompareit with thetotalnumberof processors.If they areequal,then
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#include <cilk.h>
#include <cilk-lib.h>

int *n = NULL;

cilk void foo0(){
      SR_lock(1);
      // operations on shared variable n
      SR_unlock(1);
}

cilk int main (void)
{
      n = (int *)SR_malloc_shared(sizeof(int));
      *n = 0;
      spawn foo0();
      spawn foo0();
      sync;
}

Figure4.3: Demonstrationof theusageof SilkRoadlock
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#include <cilk.h>
#include <cilk-lib.h>

cilk void foo0()
{
    // ... computation;
    SR_barrier(0);
    // ... computation; 
}

cilk int main (void)
{
    //...
    for (int i = 0; i < Cilk_active_size; ++i)
    {
        spawn foo0();
    }
    sync;
    //...
}

Figure4.4: Demonstrationof theusageof SilkRoadbarrier
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gram.The ,�BDC�E 7=F.STB�û � NUBDV � is a constantwhich meansthesizeof thesystemandit is

detectedby runtimesystem. Both theprogrammerandtheruntimesystemknow there

are ,�BWC�E 7&F.STB�û � NXBWV � threadspotentially waitingat theglobalbarriernumbered0, since

thereare ,�BDC�E 7&F#STBkû � NUBWV � processorsin total andtheuserspawned ,�BDC�E 7&F#STBkû � NUBDV �
threads.

4.3 SilkRoad Solutionsto SalishanProblems

Thissectionexplorestheprogrammability of Cilk/SilkRoadattheparallelprogramming

languagelevel. The discussionis basedon Cilk/SilkRoad’s solutions to the Salishan

Problems[55].

The SalishanProblemsarea setof four problemsproposedat the 1988Salishan

High-SpeedComputingConferences.It wasproposedasastandardto compareparallel

programming languages.Invited speakerspresentedsolutionsto theproblemsin eight

differentparallelprogramming languages(Ada, Occam,Haskel, Id, Sisal, ,ZY , PCN,

andScheme).Thosesolutionswereeditedandpublishedby Feoin [55]. Someother

parallelprogramming languages(suchasCC++ [130]) alsousedSalishanProblemsto

demonstratetheprogrammability.

Thereareseveralparallelconstructsin Cilk/SilkRoad(SilkRoadinheritsthesefea-

turesfrom Cilk), andin solvingSalishanproblems,thefollowing languagefeaturesare

used:

ö cilk: To specifya function/procedurewhichwill beexecutedasa thread.

it meansall thethreads havearrivedthebarrier andthecomputationcancontinue
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ö spawn: Thespawnkeyword is usedto createa child thread.After creatingchild

threads,the parentthreadand child threadsmay be executedin parallel. The

procedureof spawning a threadin Cilk/SilkRoadis similar to functioncall in C

language,exceptthatthespawnedthreadscanbestolenby otherprocessors.

ö sync: Thesynckeywordis usedto synchronizeparentthreadandits child threads,

which meanstheparentthreadcannot continueunlessall its child threadshave

finished.This is to show thedependenciesbetweenthreads.

ö return: Thereturnof a threadcanbedoneexplicitly or implicitly. It showsthata

threadis overandits partialresultsareto bereturnedto its parentthread.

In thefollowing sections,Section4.3.1describestheHamming’s problemanddis-

cussestheCilk/SilkRoad’s solution; Section4.3.2describestheParaffins Problemand

Cilk/SilkRoad’ssolution; Section4.3.3describestheDoctor’sOffice Problemandthen

gives the Cilk/SilkRoad’s solution; Then Section4.3.4describesthe Skyline Matrix

Solverandshows theCilk/SilkRoad’ssolution.

4.3.1 Hamming’s Problem(extended)

ProblemDescription

TheHamming’s Problem(extended)is describedasfollows:

Givenasetof primes 7Àî.[
î.FàîU\]\^\ of unknown sizeandaninteger I , outputin increas-

ing orderandwithout duplicatesall integersof theform 7`_"ab[Tc�abF#dM\^\]\(eÊêfI . Observe

that if R is in theoutputstream,then, 7ga
Ràî.[�a
R�îhF?abRàîU\^\]\ieÊêjI arealsoin theoutput

stream.
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Theproblemtestsa language’sability to expressrecursivestreamcomputationsand

producer/consumerparallelism,andto supportdynamictaskcreation.

Solution

This problemcaneasilybeexpressedin Cilk/SilkRoadprogramby usingDivide-and-

Conquerwith recursions.The primenumbersarestoredin an arrayandoneprime is

fetchedin eachrecursion,asillustratedin Figure4.5.

Theprogramstartsfrom thefirst primein theprimearrayby creatinga threadwith

the index value * . During therecursion,all possible exponents in a recursionlevel are

exploredandthenthenext level is exploredif thecondition(thecurrentinteger is less

than I ) is satisfied.Theprimearrayis alsopassedasa parameterto thethreadof next

recursionlevel. Themaximum depthof the recursionis determinedby thenumberof

primes.Theparallelismis exploredwith therecursionandthethreadsexhaustpossible

solutions on different processorsin parallel. The satisfyingintegers are storedin a

globalsharedarray(by invoking NX7�û � R � NU�"CkS ìkñ function)andaccessingthisarrayneeds

theacquisitionof a lock. Finally theintegersin thearraywill besortedandprintedout

afterthesearchhasbeenfinished.

4.3.2 Paraffins Problems

ProblemDescription

Theproblemis describedasfollows:

Givenanintegern, outputthechemicalstructureof all paraffin moleculesfor B;eÊê
I , without repetitions and in orderof increasingsize. The resultsshouldincludeall
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cilk
 void Hamming(int prime_index, int curr_int, int n, int *primes_arr)

{


int next_prime;


if (prime_index == NUM_OF_PRIMES)

return;


next_prime = primes_arr[prime_index];


           /* try each possible exponent for next prime number */

          while (curr_int <= n)


{

if(prime_index+1 < NUM_OF_PRIMES)


spawn
 Hamming(prime_index+1, curr_int, n, primes_arr);

curr_int = next_prime * curr_int;

if(curr_int <= n)

{


save_result(curr_int);

}


}

return
;


}


Figure4.5: Thesolution to Hamming’sproblem.
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isomers,but no duplicates.The chemicalformula for paraffin moleculesis l�mknZoDmqpro .
Youmaychooseany representationfor themolecules,solongasit clearlydistinguishes

amongisomers. Theproblemaddressestherepresentationof recursive treestructures,

thecreationsandmanipulationof thosestructuresandnestedloopparallelism.

Solution

Oursolution to thisproblemis basedontherelationshipbetweenparaffin moleculesand

radicalmolecules(moleculeswith chemicalformula lbmknZoDmqp"s ), asanalyzedin [130].

We generatelists of radicalsof size t to uJv9w , andgeneratelists of paraffins of size x to

u from thoseradicals.Thegenerationof radicalsandparaffins of all sizescanbedone

in parallel.Sincethereis no “parallel loop” mechanismin Cilk/SilkRoad,we createas

many threadsasthenumberof processorsandeachthreadexecutesaportionof thework

in theloop. Theoverall programusesanSPMDparadigmandthethreadsmayneedto

synchronizeduringtheprocedureof generatingradicalsandparaffins. Figure4.6and

Figure4.7illustratepartialcodeof theideaof generationof paraffins.

In Figure4.6, the datastructureof radicalsand the codeof the top level of the

programareshown. The uzy�{�|#}U~ �M� �T~����W��� is themaximumvalueof � in theformula

l�mkn!oDm�pro . At thetop level, eachiterationgeneratesa resultwith thecorresponding� . In

Figure4.7,the ��}Uuz}U~��9��} ����~��=�J�%�Wu(�&��� threadgeneratestheradicalsof varioussizesand

thengeneratestheparaffins. Sincegeneratingparaffins is basedongeneratingradicals,

thereis abarrierbetweenthesetwo stepsfor globalsynchronization.
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typedef struct radical_data{

�
  unsigned char data[2];

} radical_data;

�
typedef

�

struct radical {
�
  struct radical* subradical[3];


int kind;

} radical;

�
typedef

�

struct radical_array{
�
  int length;

  radical* element;

} radical_array;

�
typedef struct radical_array_array{

�
  int length;

  radical_array* element;

} radical_array_array;

�
cilk int  cilk_main(int argc, char *argv[])
�
{

   ...

   for(i=1;i<=number_of_trials;i++)

   {

       /* spawn threads to generate the paraffins */

       for(j = 0; j < Cilk_active_size; ++j)

      
   spawn 
generate_paraffins(&r,&p,maximum_paraffin_size);
�
      
sync;

      ...

      clean(&r,&p); /* clean the results */

   }

   ...

}

�

Figure4.6: Thedatastructuresandtop level codeof thesolutionto Paraffins problem.
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cilk 
void generate_paraffins(
�
 radical_array_array* radicals,

 paraffin_array_array* paraffins,

 const int largest_size)


{

  int radical_array_size, a,i,j;

  a=largest_size;

  radical_array_size=a/2+1;

  radicals->length=radical_array_size;

  paraffins->length=largest_size+1;

  ...

   /* initializing the range */

  radical_start = Self * radicals->length / Cilk_active_size;

  radical_end = (Self+1) * radicals->length / Cilk_active_size;

  paraffin_start = Self * paraffins->length / Cilk_active_size;

  paraffin_end = (Self+1) * paraffins->length / Cilk_active_size;


  for(i=radical_start; i<=radical_end-1;i++)

  {

      
generate_radicals_of_size(&(radicals->element)[i],i,radicals);

  }

  SR_barrier(0)
;

  for(j=paraffin_start; j<=paraffin_end;j++)

  {

      
generate_paraffins_of_size(&(paraffins->element)[j],j,radicals);

  }

}


Figure4.7: Codeof thethreadgeneratingtheradicalsandparaffins.



Chapter 4. SilkRoad 72

4.3.3 The Doctor’sOffice

ProblemDescription

TheDoctor’sOfficeProblemis describedasfollows:

Givena setof patients,a setof doctors,anda receptionist,modelthefollowing in-

teractions:initially, all patientsarewell, andall doctorsarein FIFOqueueawaitingsick

patients.At randomtimes,patientsbecomesick andentera FIFO queuefor treatment

by oneof the doctors. The receptionisthandlesthe two queues,assigningpatientsto

doctorsin afirst-in-first-outmanner. Onceadoctorandpatientarepaired,thedoctordi-

agnosestheillnessandcuresthepatientin arandomamountof time. Thepatientis then

released,andthedoctorre-joinsthedoctorqueueto await anotherpatient.Theoutput

of theproblemis intentionally unspecified.Theproblemteststhelanguage’s ability to

programasetof concurrent,asynchronousprocesseswith circulardependencies.

Solution

Thisproblemis actuallynotasequentialcomputationbeingparallelized.It is asimula-

tion of synchronousentitiesandsomeparallelconstructsareusedduringthesimulation.

In this problem,thepatientsanddoctorsaredefinedby arraysof structuresandin each

structurethestatusof thepatientsor doctorsis defined,asillustratedby Figure4.8.The

patientsarray, doctorsarray, patientsqueue,anddoctorsqueuearestoredin a global

sharedstructureandaccessingthe datamustbe exclusive. This canbe accomplished

by usinglocks. Figure4.8 alsoshows the top level of the program,wherea number

of threadsarespawnedto simulatethepatientsanddoctors.Thecodeof patientthread

anddoctorthreadareillustratedin Figure4.9.
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typedef struct Patient{

int cure_time;

int waiting;

int patient_id;


} Patient;

typedef struct Doctor{


int cure_time;

int busy;

int doctor_id;


} Doctor;

typedef struct Patient_queue{


int num;

int patients[NUM_OF_PATIENTS];


} Patient_queue;

typedef struct Doctor_queue{


int num;

int doctors[NUM_OF_DOCTORS];


} Doctor_queue;

struct sharedd {


Patient
 Patients[NUM_OF_PATIENTS];

Doctor
 Doctors[NUM_OF_DOCTORS];

Patient_queue
 PatientQ;

Doctor_queue
 DoctorQ;


} *sharing = NULL;


cilk int cilk_main(int argc, char *argv[])

{


...

for(i = 0; i < NUM_OF_PATIENTS ; i++)

    spawn patient(i);

for(i = 0; i < NUM_OF_DOCTORS ; i++)

    spawn doctor(i);

sync;

...


}


Figure 4.8: Definitions of the datastructuresand top level codeof the solutions to
Doctor’sOfficeproblem.
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cilk 
void patient(int ID)
�
{


for(;;)

{


being_fine(ID);

add_to_patient_Q(ID);


/* try to find a doctor from the doctor queue*/

�

if(find_a_doctor(ID))

{


being_cured(ID);

}


}

}


cilk
 void doctor(int ID)

{


for(;;)

{

/* if it is not busy, then join the doctor queue.*/

�

if(!sharing->Doctors[ID].busy)

add_to_doctor_Q(ID);


else

continue;


/* try to find a patient from the patient queue*/

�

if(find_a_patient(ID))

{


curing_patient(ID);

}


}

}


Figure4.9: PatientthreadandDoctorthreadin thesolution to Doctor’sOffice.
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For eachpatientthread,it basicallyexecutesan infinite loop in which the status

of the correspondingelementin the ���9�T�D}Uu%��� array is changedaccordingly. Whena

patientbecomessick (afterbeingfine for a randomperiodof time),hejoins thepatient

queueand keepson checkingthe doctor queueto find an availabledoctor. When a

doctoris available,boththewaitingpatientandthedoctorquit from theirwaitingqueue

andbegin thecuringprocedure(curetime is generatedrandomly).Eachdoctor, when

he is free, joins the ���G�.���G~M� andkeepson checkingthe ���9�T�D}Uu%��� until hefindsone

patientand then startswith the curing procedurewith the statusof busy. After the

doctorhasfinishedthecuringprocedure,hisstatusis changedto be“free” andhejoins

thewaitingqueueagain.

4.3.4 Skyline Matrix Solver

ProblemDescription

TheSkyline Matrix SolverProblemsis describedasfollows:

Solve thesystemof linearequations�b��� | withoutpivoting whereA is an u¢¡£u
skyline matrix. A skyline matrix hasnonzerovaluesin row � in column ¤ through � ,
x
¥¦¤§¥¨� , andnonzerovaluesin column ¤ through© , x
¥f¤�¥ª© . Figure4.10shows

anexampleof skylinematrixwith thegivenrow andcolumnarrays.

The problemteststhe ability to definearray structuresthat include nonessential

elements(i.e. thezeros),andgiventhosestructures,efficiency of parallelanditerative

arraycomputations.
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1       0        0       1         0      0       0


0       1        0       1         0      1       0

«
0       1        1       1         1       1       0

«
0       0        0       1         1       1       0

«
0       1        1       1        1       1       0

«
0       0        0       1        1       1       0

«
0       0        0       0        0       0       1

«

row = {0,1,1,3,1,3,6}

column = {0.1,2,0,2,1,6}


Figure4.10:An exampleof sky matrix.

Solution

Our solutionmakesuseof the ¬�­ example in Cilk, whichperformsanLU decomposi-

tion of an u�¡®u matrixwithoutpivoting [32]. A Divide-and-Conqueralgorithmis used

for theproblemandthematrix � andits factors¬ and ­ aredividedinto four partssuch

that �¯�°¬�­ canbewrittenas±²
³ ��´µ´¶��´·s
��s�´¶��sµs

¸K¹
º �

±²
³ ¬<´µ´ t
¬�s�´»¬�sµs

¸K¹
º
±²
³ ­i´µ´ ­¼´·s

t ­3sµs
¸K¹
º

Accordingto Cilk [32], the ¬ and ­ arecomputedasfollows: It recursively factors

�
´µ´ into ¬;´µ´g½J­i´µ´ . Then ­¼´·s is calculatedin the formula �5´·s¾� ¬<´µ´g½z­i´·s , while

simultaneously¬'s�´ is solvedin �gs�´��°¬�s�´J½.­i´µ´ . Finally, it recursively factorstheSchur

complement�gsµs;�¯¬�s�´�½M­i´·s into ¬$sµs¼½�­3sµs .
BecauseCilk/SilkRoadis basedon ANSIC, theskylinematrix canbestorein two
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“ragged” arrays: one is for the rows of the lower triangle, the other is for the upper

triangle. The whole computation consistsof threesteps: ¬�­ decomposition, forward

substitution, andbackward substitution. Eachstepcanbe dividedandparallelizedby

Divide-and-Conquerwith looprangesadjustedto avoid accessingmatrixelementsout-

sideof theskyline.

Figure4.11showsthepartialcodeof the ¬�­ decomposition. Theforwardsubstitu-

tion andbackwardsubstitutionstepscanalsobeimplementedsimilarly.

4.4 Summary

SilkRoadprovidesuserlevel sharedmemorybesidesthe inheritedCilk features.Pro-

grammersare able to defineglobal sharedvariableslike in sequentialprograms,but

they have to controltheaccessto thesharedvariablesto makesurethelogic is correct.

Mutualexclusion canbeensuredby usinglock mechanismandglobalsynchronization

canbe donewith barriers. The above featuresenableSilkRoadto supportthe appli-

cationsusingsharedvariablesandprogramedwith the paradigmsother thanDivide-

and-Conquer(suchasSPMD,Master/Slave). Theseareachievedby usingaunderlying

memoryconsistency modelextendedfrom ¬;l of Cilk, namely ¿5l À&�9� model.

In this chapterSalishanproblemsarealsousedto examinetheprogrammability of

Cilk/ SilkRoadasaparallelprogramminglanguage.Cilk is goodatexpressingrecursive

parallelismanddynamicallyspawning threads,soit is easyfor Cilk/SilkRoadto solve

Hamming’s problemwith Divide-and-Conquerparadigmwith recursions.SilkRoad’s

extension onuserlevel globalsharedmemorymakesit possibleto replaceparallelloops

by spawning threadsandenablingthemto synchronizevia globalbarriersin Paraffin’s
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/* a skyline matrix is represented by two "ragged" arrays: Mr

Á
and Mc. Mr is for the rows of  the lower triangle, Mc is for

the columns of the upper triangle */

cilk
 void lu(Matrix Mc, Matrix Mr, int num_of_block)

{


/* check if the matrix is small enough */

Â
if(num_of_block == 1){


block_lu(*Mc, *Mr);

return;


}

/* divide the matrix into 4 pieces */

Â
nb = num_of_block/2;

Mc00 = &MATRIX(Mc, 0, 0);

Mr00 = &MATRIX(Mr, 0, 0);

Mc01 = &MATRIX(Mc, 0, nb);

Mr01 = &MATRIX(Mr, 0, nb);

Mc10 = &MATRIX(Mc, nb, 0);

Mr10 = &MATRIX(Mr, nb, 0);

Mc11 = &MATRIX(Mc, nb, nb);

Mr11 = &MATRIX(Mr, nb, nb);

/* decompose upper left piece */

Â
spawn
 lu(Mc00, Mr00 nb);

sync
;

/* solve for upper right and lower left piece */

Â
spawn
 lower_slove(Mc01, Mr01, Mc00, Mr00, nb);

spawn
 upper_slove(Mc10, Mr10, Mc00, Mr00, nb);

sync
;

/* ... */

Â
/* decompose lower right piece */

Â
spawn
 lu(Mc11, Mr11, nb);

sync
;

return
;


}


Figure4.11:Thesolution to Skyline Matrix Solverproblem.
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problemwith a SPMDstyle. It alsoenablesusersto programasynchronousentitiesin

Doctor’sOfficeproblemby allowing themto communicatevia mutualexclusion.Since

Cilk is basedonANSIC language,it canmakeuseof l ’s “ragged”arraysandpointers

to representsparsematrix in Skyline Matrix Solverproblemandsolvetheproblemwith

Divide-and-Conquerparadigm.
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RC dag Consistency

In previous chapters,theideaof supportingmultiple paradigmsby extendingthemem-

ory consistency modelwasdiscussedtheoretically, andthenwe mainly introducedthe

addedfeaturesof SilkRoad,which is developedfor supporting multiple paradigms.In

thischapter, thecorepartof SilkRoad,i.e. theunderlying¿5l À&�9� consistency modelis

discussed,includingits formaldefinitionandproperties,its designandimplementation,

andits theoreticalperformanceissues.

The work in this chapterconsists of two parts. First, a conceptof stealingbased

coherenceis proposedto implementa logicalbackingstore.Second,thedagof compu-

tation in Cilk is extendedandtheconceptof ¿5l À&�9� consistency is proposed.Mean-

while, thestealingbasedcoherenceconceptis alsoextendedto implementthe ¿5l À&�9�
consistency.

The LocationConsistency ( ¬;l ) in Cilk is maintainedby the BACKER algorithm

(usingthebackingstore)collaborating with work-stealingscheduler. Underthis situa-

tion, if thenumberof threadsis potentiallyhugeandthereis frequentmigration,then

80



Chapter 5. RC dagConsistency 81

therecouldbeconsiderablenetwork communication. In a clusterenvironment,observ-

ing that the coherenceof the datapagescanalsobe maintained logically without the

backingstore,thedirty cachedpagesneednot to bereconciledbackto thehomenode

in order to reducenetwork traffic. In this case,the memorycoherencealgorithm is

tightly coupledwith thestealingandreturnoperations.

For Divide-and-Conquerparadigm,thereis no needto provide userlevel shared

memorybecauseof its intrinsic nature.However, in clustercomputing, sharedvirtual

memoryis widely usedbecauseit providesa simple andgeneralprogrammingmodel

for programmers.With a userlevel sharedvirtual memory, programmersdo not need

to careaboutcommunication issuesamongprocessorsandthey can just assumethat

thereis a sharedmemoryin the distributed environment,like they do programming

in physicallysharedmemorysystems.Therefore,in orderto supportmoreparadigms

andrun a wider rangeof applications,providing userlevel sharedvirtual memoryis a

practicalapproach.

Providing theuserlevelsharedmemoryimpliesthattheexecutiondagof thecompu-

tationwill beextendedwith thesharedmemoryoperations.Usuallysomesynchroniza-

tion mechanismsarerequiredto performtheoperationson thesharedvirtual memory.

In our work, we mainly considerlock and barrier mechanismsfor mutualexclusion

andsynchronizationrespectively. A lock (release,acquire)pair canbe modeledasa

synchronization edgeanda globalbarriercanbemodeledasa nodewith someedges

connectingto it in thedag.

Along with theextendeddag,thecorrespondingmemoryconsistency modelis also

changed,which resultsin the ¿5l À&�9� consistency. ¿5l À&�9� consistency is devel-

opedbasedon the ¬3l consistency underthe computation-centrictheory. We show
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that ¿5l À&�9� consistency is a morestringentmemoryconsistency modelthanthe ¬;l
consistency, but it is weaker thanSequentialConsistency ( Ã;l ). The relationship be-

tween¬;l , ¿5l À&�9� , Ã;l , andthesharedmemoryÄ canbedescribedby aninteraction

function. Theinteractionfunctiondefinestheway thememory Ä behavesfor theread

andwrite operations.We show that if thereexist two nodesin thedagoperateon the

samememorylocationandthedatais sharedvia thewaysof local synchronizationbe-

tweenparentthreadandchild thread,thememoryis ¬;l consistent;if thedatais shared

via mutualexclusion or globalsynchronizationbesideslocal synchronization,thenthe

memoryis ¿5l À&�9� consistent; if all of thememorylocationsareprotectedby mutual

exclusion, the memoryis actuallysequentialconsistent.Moreover, we show that by

extending ¬;l to ¿5l À&�9� , moreparadigmsandwidercomputationaresupported.

Meanwhile,an ExtendedStealingBasedCoherence(ESBC) algorithmis usedto

implementthe ¿5l À&�9� consistency model.Theextensionof thealgorithmis basedon

theextendeddagandthesemanticsof thelockandbarrieroperationsonsharedmemory.

We prove that the ESBC function is actuallyan observerfunction which definesthe

semanticsof thebehaviors of the ¿5l À&�9� memoryconsistency model.

In implementing ¿5l À&��� consistency in SilkRoadwith SBC/ESBCalgorithm, the

semanticsof ¬;¿5l areintroducedin orderto implementthebackingstorelogically and

providegloballocksandbarriersat theprogramming level. Herethesemanticsof ¬;¿5l
meansthe “lazy” style of not propagatingthe modificationsuntil they are required.

Eagerdiff creationandlazy diff propagation mechanismsareusedandthe lazy write

noticepropagationmechanismis proposedspeciallyfor the work stealingandthread

migrationenvironment.In lazywrite noticepropagation, whena threadfinishesexecu-

tion andreturnsto its parentthread,it postponessendingoutthewrite noticeof thedirty
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pagesuntil it finally findsout thelocationof its parentthread,becauseits parentthread

maybestolenandmigrating.Thishelpsreducenetwork communicationmessagesand

data.

We alsotry to theoreticallyanalyzetheperformanceof theSilkRoadsystemwhich

is built on ¿5l À&��� consistentmemorymodel.Theanalysisis basedon Cilk’s original

performancemodel,plus theconsiderationof synchronizationoverhead(lock acquisi-

tion andwaiting).

The remainderof this chapteris organizedas follows. Section5.1 discussesthe

StealingBasedCoherencewhich is proposedto reducethenetwork traffic. Section5.2

introducestheextensionof thedagwith lock andbarriermechanisms.Section5.3 de-

finesthe ¿5l À&�9� consistentmemoryon thebasisof theextendeddag.Section5.4pro-

posestheExtendedStealingBasedCoherencealgorithmfor implementing the ¿5l À&�9�
consistency. The implementationof locks andbarriersare introducedin Section5.5.

Section5.6theoreticallydiscussessomeperformanceissues.Finally, Section5.8gives

asummaryof thischapter.

5.1 Stealing BasedCoherence

Thebackingstoreof Cilk is actuallyasetof “homes”of all locally cachedpagesoneach

node,andit is physically distributedon all of thenodesin thecluster. In each“recon-

cile” operation,modificationsof the dirty pagesarepropagatedto the corresponding

“home” nodeand in each“fetch” operation,the whole requestedpageis transferred

from the “home” nodeto the requestingnode. In this situation, with large number of

threadsandfrequentthreadstealingsandreturns,theoverheadof resultednetwork traf-
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fic mustbeconsiderable.

Oneof our attemptsto improve Cilk is to implementthe backingstorelogically,

aimingat reducingthereconcilingmessages(hencethetotal numberof messages)and

transferreddatain computation 1. This is meaningfulespeciallywhenthe network is

slow or therearemorethanoneapplicationsharingthenetwork.

5.1.1 SBC CoherenceAlgorithm

With thework-stealingscheduler, thecoherenceoperationshappenwith threadmigra-

tion (stealingandreturn). This is differentfrom thecasein ¬3¿5l in which theshared

dataaremainlytransferredvia thelock releaseandacquirechains.Therefore,astealing

basedcoherence(SBC) algorithmis proposedfor oursituation.

The SBC still usesthe basicoperationsin Cilk: fetch, reconcile, andflush(please

refer to chapter2 for how theseoperationswork). The differenceis that in SBC a

fetch operationcopiesthe diffs from the nodewho did the modification, not from the

backingstore;a reconcileoperationjust saves the diffs locally and propagatesthem

whenrequired,insteadof copying themfrom local cacheto backingstore.

Whendescribehow theSBCalgorithmworks,wetry to show thattheSBCcanalso

keepthedatacoherenceasBACKER algorithmcan. Therearetwo situationsneedto

beconsidered:

1. threadi and threadj have datadependency (suppose�ÆÅÇ© ) andboth of them

arelocatedin thesameclusternode. In BACKER algorithm,when � finishes,it

performsa reconcileoperationto put its modifieddatato the backingstoreand
1Thecontentsof thischapterarepartiallypublishedin [107, 106].
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© performsa fetchoperationto get theneededdatafrom thebackingstorewhen

necessary. In SBC, � alsodoesthe reconcilation,but keepsthe datalocally. So

when © needsthedata,it is alreadyin the local memoryof thenode.SoSBCis

equivalent to BACKER in thiscase.

2. threadi andthreadj have datadependency (suppose�	Å°© ) but they arelocated

in differentclusternodesbecauseof threadstealing. In BACKER algorithm,the

nodeexecuting � reconcilesits datato thebackingstore(in implementation,it is

logically mappedinto a particularnode,saynode� ) when � finishesandbefore©
begins. And © performsa fetchoperationto get thedatafrom thebackingstore

(i.e. node � ) when necessary. SBC algorithmoperatesas follows. The node

running � (say, node È ) alsoperformsreconcileoperation,but themodifieddata

arenot sendto thebackingstore.Instead,they arekeptlocally on È node.When

© needsthedatawhich wasmodifiedby � , thenodeexecuting© performsa fetch

operationto get thedatafrom thenode È . In this case,thenode È in SBC takes

the role of the node� in BACKER in the above description.That is to say, the

coherenceof thedifferentcopiesof datapagescanalsobemaintained logically

by thenodesthatmodify them.

Sincetheremay be multiple copiesof data,in implementation, steallevel is used

to identify the“time stamp”of a page.It is definedasthenumberof successfulthread

stealingsof eachnode.To keeptheconsistency of differentversionsof data,eachnode

hasan independentsteallevel of its own (initiated to be 0) andkeepsa recordof the

lateststeallevel of theothernodes(initiatedto be-1) whenit getsdiffs from any other

nodes(seeFigure5.1). In Figure5.1,eachnode(P0,P1,P2)keepsanonedementional
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[0,-1,-1] 


[-1,-1,0] 


[-1,0,-1] 


[0,-1,-1] 


[0,1,-1] 
 [0,1,-1] 
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Note: dotted arrow: steal request 


arrow: successful steal reply 


Figure5.1: Thesteallevel in theimplementationof ¿5l À=�9� .
arrayof steallevels of all nodes,andthey areupdatedin successfulstealing. Dotted

arrows arestealingrequestsandarrows aregrantsfor stealing. Whena nodefetches

diffs of a pagefrom othernodes,it updates(1)its own steallevel, (2) therecordsof the

lateststeallevels of theothernodesareupdatedaccordingly. Thoserecordsshowshow

up-to-datethe copy of the pageis on this nodeandwill be usedto filter the obsolete

diffs in decidingwhich diffs shouldbefetchedwhenit needsdiffs later. For example,

in a threenodecluster, if node2 hasthesteallevel recordof [2,3,5]of apagge,it means

that it hasthe level 2 copy of thepageon node0, level 3 copy of thepageon node1,

andlevel 5 copy of thepageon node2. So later if node2 performsfetch operationto

getthedataof thepagefrom node1 andsupposethesteallevel of thepageonnode1 is

5, node1 shouldpassnode2 thediffs of thepagesrangingfrom 3 to 5 (not including3,

becausenode2 hasthelevel 3 copy already).And afterthispropagation, thesteallevel

recordof thispageonnode2 shouldbeupdateto [2,5,5].
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5.1.2 EagerDiff Creationand Lazy Diff Propagation

In SilkRoad,thediffs of the“dirty” pagesarecreated“eagerly”whena threadis stolen

or whenachild threadreturns.In stealing,thevictim nodesavesandkeepsthediffs and

thensendsthestealingreply. In returning,thechild threadsavesandkeepsthediffs of

thelocally modifiedpagesandthensendswrite noticesto its directparentthread.When

diff requestcomes,the nodewill checkthe steallevel of both requesterand itself in

orderto decidewhichdiffs to propagate.Herelazydiff creationmaynotbeappropriate

becauseif threadsdonotsavediffs whenreturning,themodificationsmaybelostwhen

thenodestealsanotherthreadto executelater, in which caseits local memorywill be

refreshed.

5.1.3 Lazy Write Notice Propagation

In the stealingbasedcoherence,we proposelazy write notice propogation, i.e. the

propagation of the write noticesis delayeduntil needed. This meanswhen a child

threadreturnsto its parent,it doesnot sendwrite noticesto its parentimmediately,

becausethenodewhereits parentstaysmaybechangingbecauseof threadmigration,

andin thatcaseits returningrequestwill beforwardedto anothernodewhereits parent

maybelocated.To reducethetransferreddatasize,thewrite noticeswill notbesentout

until thechild finally finds its parent.Figure5.2 illustratestheprocedureof lazy write

noticepropagation. In Figure5.2, write noticeswill not be sentout until the current

locationof theparentthreadis finally foundonP3node(i.e. thethreadreturnmessage

is forwardedto theparentthread).
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Figure5.2: Demonstration of lazywrite noticepropagation.

5.2 Extending the DAG

Our motivationto supportmorecomputation by extending thedagof computationcan

berealizedby enclosingmutualexclusionandglobalsynchronization. With theseex-

tensions, the computation is not fully strict any moreandwe say it is partially strict

computation (theformal definitionis in Chapter3). Thetwo extensions areintroduced

in thefollowing.

5.2.1 Mutual Exclusion Extension

Weconsiderthecaseof locking for themutualexclusion.A lock pair (release,acquire)

is modeledasa synchronizationedgein thedag. For example,in Figure5.3, É , Ê , and
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Figure5.3: In theextendeddag,threadscansynchronizewith their siblings.

Ì
aretheproceduresin parentthread;Í and Î areproceduresin child threads.If node

Í releasesa lock andlaterthelock is acquiredby nodeÎ , thena mutual edgefrom Í to

Î is defined.This shows first Í then Î enterthesamecritical section(for example,they

mayusethesamesharedvariablein theprogram),andif Í performsa write operation

on a memorylocationand Î performsa readoperationon thesamememorylocation,

thenthereadvalueat Î dependson thewritten valueat Í . Thedottedarrow Ï�ÍÑÐhÎ�Ò is a

synchronization edge.

5.2.2 Global Synchronization Extension

At thebarrier-like globalsynchronization point, thepartial resultsof all nodesareex-

changedandmerged. The sharedmemoryis madeconsistentfor all processors.The

global barrier synchronizationcanbe modeledin two ways: (1) Edgesonly and (2)

Nodesandedges,asdemonstratedin Figure5.4, wherefigure(a)shows that a global

synchronization is modeledasa setof interceptededgesandfigure (b) shows that a

globalsynchronization is modeledasasynchronizationnodeandtheconnectededges.

Weadoptthesecondwayby modelingbarrierasanodeandsomeconnectededges,

whichproducesmuchlessedgesbut only onemorenodethanthefirst waydoes.
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(a)
 (b)


Figure5.4: Graphmodelingof globalsynchronizations.

5.3 RC dagConsistent Memory Model

Accordingtocomputation-centricmemorymodeltheory[62] in Cilk, Divide-and-Conquer

paradigmhasunderlyingsupporting memorymodel Ó;Ô for fully strictcomputation. In

thissection,Õ5Ô Ö&�9× consistentmemorymodelis proposedin SilkRoadfor thepartially

strict computation to supportwiderparadigmson thebasisof Ó3Ô .

We first definethe extensionof a dag. An extensionof a dag ØÚÙ Ï�Û	Ð�Ü<Ò is a

dag Ø¼Ý�ÙÞÏ�Û�ÝkÐ·ÜßÝqÒ suchthat ÛáàÇÛ$Ý and ÜâàãÜiÝ . For computation ÔäÙÞÏ�Ø$Ð.�.å%Ò and

Ô Ý ÙÇÏ�Ø Ý Ð.�.å Ý Ò , if Ø Ý is anextension of Ø , and �#å Ý is theextensionof �.å to Ø Ý , thenwe

say Ô Ý is anextendedcomputation of Ô .

Now thelastwriter functioncanbedefinedby introducingadditional propertiesfor

theextendeddag on thebasisof thedefinitionsin Cilk’s theory[61].

Definition 5.3.1 Let Ô Ù Ï�Ø$Ð.æ.å%Ò be a computation( ØçÙ Ï�Û	Ð�Ü<Ò is a dag), ÔgÝ
Ù
Ï�Ø Ý Ð.æ.å Ý Ò be an extensionof Ô ( Ø Ý ÙçÏ�Ûßè`é�Ð�ÜQè`é ), where Ûßè`é�ÙãÛëê¾ì�í�Ð�ÜQè`éîÙïÜ§ê§ð
í
and ì%í is thesetof synchronization nodes,ð�í is thesetof synchronization edges,andñ ò�ñ�ó Ï�Ô5ÝqÒ bea topological sort of Ô®Ý . Let ô denotethesetof memorylocations, the

lastwriter function according to
ñ

is õ¾ö�÷�ôªø£ì�è é ê§ùMú®û�üý Ûiè é ê£ùMú®û such that for

all þ ò ô and Í ò Û¼è`é&ê§ùMúZû :
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1. If õÿö¼Ï�þµÐhÍ"Ò<ÙªÎ��Ù�ú then æ.å�è`éµÏ�Î`Ò<Ù°õ Ï�þ�Ò .
2. õÿö¼Ï�þµÐhÍ"Ò��?öÆÍ .

3. õÿö¼Ï�þµÐhÍ"Ò��?öÆÎ��?öÆÍ�� æ.å�è`éDÏ�Î�Ò��Ù°õjÏ�þ�Ò for all Î ò Û¼è`é .
4. If �	�	ÙâÏ�ÍÑÐhÎ�Ò ò ð
í , then �rþ ò ô�Ð#õÿöiÏ�þµÐhÎ�Ò<Ù õ�ö¼Ï�þµÐhÍ"Ò .
5. If �`Í ò ì%í , then õÿö¼Ï�þµÐ�
UÍ
���MÏ�Í"Ò·Ò<Ù¯õÿö¼Ï�þµÐhÍ"Ò .
Properties1,2,and3 werealreadydefinedin computation-centrictheory. Property

4 in theabovedefinitionshowsthatthesynchronizationedgesintroducedatadependen-

ciesbetweennodesin the dag. Property5 shows that the immediatesuccessorsof a

synchronization nodegetthesamevaluesasthesynchronizationnodedoes.

With thedefinitionof thelastwriter function,now thecorrespondingmemorycon-

sistency modelcanbedefinedasfollows:

Definition 5.3.2 RCdag-consistencyis thememorymodelÕ5Ô Ö=�9×ZÙ ù�Ï�Ô�Ð��?Ò�÷��zþ�� ñ��(òñ�ó Ï�Ô����9Ò��"ÍßÐ��5Ï�þµÐhÍ"Ò<Ù°õ�ö¼Ï�þµÐhÍ"Ò#û .
Notethatwith theextensionof dagandcomputation,theformaldefinitionof Õ5Ô Ö&��×

consistency is thesameasthe Ó;Ô exceptthedefinitionof thelastwriter function. Ac-

tually, with this definition of Õ5Ô Ö&��× , the observationsrangefrom Ó;Ô to Sequential

Consistency (
ó Ô ) [90], dependingonhow stringentthelastwriter functionis in setting

mutualexclusionregions. If all locationsin memoryareprotectedby mutualexclu-

sion(sayall locationaccessingneeda lock acquisition), thenthememorymodelequalsó Ô . If no mutualexclusion is usedat all, thenit is Ó;Ô . From this point, we cansay
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Figure5.5: The ��� � � ! consistency is morestringentthan "#� but weaker than $%� .

that Õ5Ô Ö&��× consistency is strongerthan Ó;Ô . Therelationshipbetween
ó Ô , Ó;Ô , and

Õ5Ô Ö=�9× canbedemonstratedin Figure5.5.

Formally, wecanusean interaction function to show thedifferentsynchronization

featuresbetweensubcomputationsin eachmemorymodelandtherelationshipbetween

the memorymodels. Here a subcomputation is the computation that one processor

performsfrom the time it obtainswork to the time it finishesthe work or enablesa

synchronization task.

First, let usseehow theinteractionfunctioncanbedefinedfor theLocationConsis-

tency:

Definition 5.3.3 The interaction function for a computation Ô is &�è : ùGÔ('�û�ø�ôçüý
ùGÔ�'�û
ø§ô ( ô is thesetof all sharedmemorylocations), satisfying the following prop-

erty for all subcomputations Ô)' : �zþ ò ô , if æ.åßÏ�ÍÑÐ.þ�Ò and æ.åßÏ�Î%Ðhþ�Ò , then Ï�ÍÑÐhÎ�Ò is not a

synchronizationedge in dag (u andv arenodesin dag).

It meansif two nodesoperateon thesamememorylocation,thenthedatavalueof

this locationis sharedvia thewaysotherthanglobalsynchronizationbetweensubcom-



Chapter 5. RC dagConsistency 93

putations. This definition is suitableto describethe situation in Ó;Ô , in that the sub-

computationsreturntheresultsto a higherlevel computationandthereis no extra syn-

chronizationprotectionneededfor the memorylocationsfor the Divide-and-Conquer

paradigm.

Thepropertiesin definitionof interactionfunctioncanbestrengthenedasfollows:

Definition 5.3.4 The interaction function for a computation Ô is &�è : ùGÔ('�û�ø�ôçüý
ùGÔ�'�û®øÿô , satisfying thefollowingpropertyfor all subcomputations Ô*' : �rþ ò ô , that if

æ.åßÏ�ÍÑÐ.þ�Ò and æ#åßÏ�Î�Ð.þ�Ò , thenthere is edge Ï�ÍÑÐhÎ�Ò for globalsynchronization.

This meansthat thereare certainmemorylocationsthat needto be protectedby

global synchronization.The synchronization edge Ï�ÍßÐ·Î`Ò is an extensionof the dag

of Ó3Ô (seeFigure5.3). With this strengthening,someotherparadigmsarepossibly

supported,becauseit providesglobalsharedvariableswhich areprotectedby synchro-

nization. Thecorrespondingcomputation canalsobe representedby anextendeddag

with synchronizationedges.

Thedefinitionof interactionfunctioncanbeevenfurtherstrengthenedasfollows:

Definition 5.3.5 The interaction function for a computation Ô is &�è : ùGÔ('�û�ø�ôçüý
ùGÔ�'�û®øÿô , satisfying thefollowingpropertyfor all subcomputations Ô*' : �zþ ò ô , that if

æ.åßÏ�ÍÑÐ.þ�Ò and æ#åßÏ�Î�Ð.þ�Ò , thenthere is edge Ï�ÍÑÐhÎ�Ò for globalsynchronization.

With this definition,all memorylocationsneedsynchronizationprotection.This is

actuallythesemanticsof theSequentialConsistency (
ó Ô ) [90].

Extendingthememorymodelmakesit possible to supportwidercomputation mod-

els.Ontheotherhand,
ó Ô hasbeenprovento betoohardto beimplementedefficiently
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in thedistributedenvironment,sotheremustbea compromisebetweenefficiency and

theweaknessof memorymodels. Õ5Ô Ö&�9× aimsat supportingmoreapplicationswith-

outbecomingtoostrongto beimplementedinexpensively.

Theorem 5.3.6 Õ5Ô Ö&�9× memorymodelis weaker than
ó Ô , i.e.

ó Ô à1Õ5Ô Ö&�9× .
Proof: This theoremfollows from thedefinitionsof

ó Ô and Õ5Ô Ö&�9× . ó Ô requires

that the topological sort be the samefor all memorylocations,while Õ5Ô Ö&�9× allows

differenttopological sortsfor differentmemorylocations. � Ï�Ô�Ð#õ¾özÒ ò ó Ô , according

to definitionof Õ5Ô Ö&�9× , � ñ��zòÿñ	ó Ï�ÔgÒ suchthat �"ÍÑÐ#õ�ö¼Ï�þµÐhÍ"Ò<Ù+�5Ï�þµÐhÍ"Ò . So Ï�Ô�Ð#õ�ö"Ò ò
Õ5Ô Ö=�9× . Thetheoremfollows. ,

Wesay Õ5Ô Ö&�9× consistency modelis anextension of Ó3Ô , becauseÕ5Ô Ö=�9× ’scom-

putation Ô.-`è /1012 is an extension of Ó;Ô ’s computation Ô , and �)-�è /1032 definesmore

propertiesthan ��4�è . That is to say, the computation runningon Ó;Ô canalsorun on

Õ5Ô Ö=�9× . However, thereverseis notalwaystrue.Sowesay Õ5Ô Ö=�9× is morestringent

than Ó3Ô .

Wedefineanew relation“ 5 ” for theextendeddag,andthis relationwill beusedto

provesomepropertiesof the Õ5Ô Ö&�9× consistentmemorymodel.

Definition 5.3.7 For ØJíZÙ Ï�Û	Ð·Ü Ò of a computation Ô , anobservation Ï�Ô�Ð��6� � Ò induces

a relation 5 on Ô ’s dag graph’s nodes,asfollows:

1. If Í7� Î , then Í�5 Î ,
2. If Í85 Î and Î95 : , then Í;5<: .

3. If Í readslocation þ , then �.�=�rÏ�þµÐhÍ"Ò>5 Í .
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Thefollowing is thedescriptionof theacyclicity of the Õ5Ô Ö&�9× consistency.

Definition 5.3.8 Wesayanobservation Ï�Ô.� � Ð��$í=Ò is Õ5Ô Ö&�9× consistentif

1. �?í®Ù°õ�ö .

2. For any Í that readsþ , Í?�5 õ£ö¼Ï�þµÐhÍ"Ò .
Theorem 5.3.9 (Acyclicity Theorem)Givenan observationÏ�Ô@�=�=Ð#õ�özÒ , Ï�Ô�����Ð#õ�özÒ is

Õ5Ô Ö=�9× consistentiff 5 is acyclic.

Proof: Ï�A Ò Suppose5 is acyclic, we prove by contradictionthat thepropertiesof

Õ5Ô Ö=�9× consistency aretrue.PropertyB is trueobviously. Assumeproperty C is false,

i.e. thereis node É readsD suchthat É(5 õ£ö¼ÏEDÑÐhÉµÒ . Let õÿö¼ÏEDÑÐhÉµÒ'ÙªÊ , we have ÉF5 Ê .
However, accordingto thedefinition5.3.7, õ§ö¼ÏEDÑÐhÉµÒ�5 É , i.e. Ê85 É . Thereis a cycle

with É and Ê .
Ï�� Ò AssumeÏ�Ô.����Ð.õ¦Ò is Õ5Ô Ö&�9× consistent, we prove 5 is acyclic by contradic-

tion. Assumethereis acycle. If Ê readsfrom É , õ£ö ÏGDÑÐµÊ=Ò<Ù¯É . Ontheotherhand,Ê95 É
becausethey arein cycle, thus Ê?5 õ�ö¼ÏEDÑÐµÊ=Ò convicting the property C of definition

5.3.8. ,

5.4 The ExtendedStealing BasedCoherenceAlgorithm

To implementthe Õ5Ô Ö&�9× in SilkRoad,we further definean extendedstealingbased

coherencefunctionasfollows:

Definition 5.4.1 An ExtendedStealing BasedCoherence(ESBC)function is ��í ÷`ô ø
Û¢ê§ùMú®û�üý Û¢ê§ùMúZû such that
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1. �?í%Ï�þTÐ·ÍzÒ<ÙªÍ if ÍH�Ù�ú and Í writeson location þ ;
2. If �?í%Ï�þµÐhÎ�Ò<Ù¯ÍH�Ù�ú then Í writeson þ and:

(a) Î readsthevalueof þ writtenby Í through threadstealing/return;

(b) Î readsthevalueof þ writtenby Í through mutualexclusion;or

(c) Î readsthevalueof þ writtenby Í andthereis a globalsynchronizationnode

: ò ì%í such that Í7�I:J�1Î .
3. Í?��K�$í%Ï�þµÐhÍ"Ò .
Properties2(a) and2(b) in the above definitionarefor the caseof Ï�ÍÑÐhÎ�Ò ò Ü and

Ï�ÍßÐ·Î`Ò ò ð
í respectively.

Lemma 5.4.2 �?í is anobserverfunction.

Proof: We comparetheabovedefinitionof �?í with thedefinitionof observer func-

tion in Chapter2. Theabove property1 is actuallytheproperty3 of definition 2.4.2.

The above property3 is the sameas the property2 in definition 2.4.2. The above

property2 is thesameastheproperty1 of definition 2.4.2andit explainsthethreepos-

sibilitiesof thevaluewrittenby Í on local þ beingseenby Î : via threadstealing/return,

via lock acquisition,or via barrier. So we seethat �bí satisfiesthe propertiesof an

observer function. ,
Lemma 5.4.3 Given Ï�Ô�Ð��?í&Ò where �$í is anESBCfunction, ØÑíZÙâÏ�Û�ê�ì%íQÐ·ÜZê�ðbí=Ò is

thedag of Ô anda write node Í ò Û which writeson location þ . For anynode Î ò Û
accessinglocation þ , if Í�5 Î , then �
í"Ï�þµÐhÍ"Ò writeson þ in thecachebefore Î writeson

þ .
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Proof: Two casesof Ï�ÍÑÐhÎ�Ò areconsidered:

1. If Ï�ÍÑÐhÎ�Ò ò Ü , i.e. Í�� Î , if thereis threadstealing/return betweenÍ and Î , accord-

ing to property2 of ESBC, �?í"Ï�þµÐhÍ"Ò will bepropagatedto Î if Î accesseslocation

þ , soit musthappenbefore Î writeson þ . If thereis no threadstealing/returnbe-

tween Í and Î , then Í and Î areon thesameprocessor, theorderof their writing

on þ is accordingto thetopologicalorder, so ��í"Ï�þµÐhÍ"Ò writesbefore Î writes.

2. If Ï�ÍÑÐhÎ�Ò ò ðbí , thentheremustbe a ÏGLM�XþG�X�N
O�9Ð.�P�RQGÍ�É�L��PÒ pair betweenÍ and Î .
Accordingtoproperty3 of ESBC, �$í"Ï�þµÐhÍ"Ò will bepropagatedto Î beforeÎ writes

on location þ . ,
Theorem 5.4.4 TheExtendedStealingBasedCoherenceis Õ5Ô Ö&��× consistent, i.e. if

�S�$í , �$í is anESBCobserverfunction, thenwehave Ï�Ô�Ð��bí=Ò ò Õ5Ô Ö=�9× .
Proof:By contradiction. If theExtendedStealingBasedCoherencealgorithmis not

Õ5Ô Ö=�9× consistent,thenthereis an observation Ï�Ô�Ð��
í=Ò suchthat 5UTV�=� W XP�ZY is cyclic.

SupposeÍ�[\5 Í^]_5 Í^`_5 aOaOab5 Ídce5 Í�[ is a circle and Í�[ is a write node. By

Lemma5.4.3,Í%[ writeson Í ’s localcachebeforeitself does.Sowegetacontradiction.

,
In thefollowing theimplementationof the Õ5Ô Ö&�9× memorymodelin theSilkRoad

systemis described.

5.5 Implementation of fhg i)j.k
We borrow thesemanticsof Lazy ReleaseConsistency ( Ó;Õ5Ô ) in TreadMarks[84, 85]

in implementationwith theextendedstealingbasedcoherencealgorithm. In work steal-
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ing,asdiscussedin Section5.1,thevictim nodepropagatesits modificationsonits local

cachepagesto thestealeronly whenthestealerrequestsfor it. In lock acquisition, the

last lock requesterdoesnot propagateits modificationsin thecritical sectionuntil the

next requesterneedsthem. This sectionintroducesthe implementationdetailsof lock

andbarrierin SilkRoad.

5.5.1 Mutual Exclusion

A straightforward centralizedschemeis usedin implementingmutualexclusion. For

eachlock (identifiedby a lock number),a processoris chosenstatically in a round-

robinmannerto beits manageraccordingto thelock number. To enterthesamecritical

section,differentprocessorsmustacquirethesamelock. To obtaina lock, therequester

will senda lock requestmessageto thelock’smanager. If nootherthreadis holdingthe

lock, themanagersendsa reply messageto therequestergrantingthe lock acquisition

request.If thelock is alreadyheldby anotherthread,therequestwill beforwardedto

thelatestrequesterandthecurrentrequesterwaits in a queueassociatedwith thelock.

In this casethereis a distributed waiting queue:eachrequesterremembersits direct

successorandthelock holderremembersthefirst waiting nodein thequeue.Thelock

holderwill senda messageto the first waiting threadwhenit releasesthe lock. The

otherwaiting nodesremainin thequeue.To conformto themessagingconvention in

DistributedCilk, weusedactivemessages[53] for messagepassing.

Eagerdiff creationand the write invalidation protocol are usedto propagatethe

modifications. Userprogramshave to acquirecluster-wide locks to accessthe shared

variablesandreleaseit afterfinishingusingthesharedvariables.Whenreleasingalock,
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thediffs for themodificationson sharedpagesduringthis lock arecreatedandstored.

Thusthereis a correspondencebetweendiffs andlocks. During thenext remotelock

acquisition, write noticeswill besentto therequester. Whentherequesterrequiresthe

diffs of a page,only thediffs associatedwith this lock will besentout to therequester.

Soin this way thenumberof transferreddiffs is greatlyreduced.Theideaof associate

diffs with thelock numberis similar to scopeconsistency, whichimplicitly build a rela-

tionship betweendataandsynchronizationoperations.This makesour implementation

differentfrom theonein TreadMarks.

In implementation,thelock acquisitionconsists of followingsteps:

1. Save diffs of local dirty pagesandset“write-protect” for thepages(thestatusof

thepageswill notbechangeduntil thenext access).

2. Sendtherequestto themanagerof thelock.

3. Wait for thegrantmessage.

4. Whenthegrantmessagearrives,savethewrite noticesandinvalidatecorrespond-

ing pagesaccordingto thewrite notices.After that,if thememorylocationsin the

invalidatedpagesareaccessed,thesaveddiffs will be transferredfrom previous

lock holderto thecurrentholder.

Thelock releaseperformsthefollowingbasicoperations:

1. Savediffs of localdirty pagesandset“write-protect” for thepages.

2. Createwrite noticesfor thedirty pages.

3. Checkthe waiting queueof the lock. If thereis an direct successor, the lock

releasersendsthewrite noticesto thesuccessornode.
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The mutualexclusion is guaranteedby the lock manager, sinceevery time when

thereis lock acquireor releaseoperation,themanagerwill checkif thelock is heldby

anyoneelse,or checkif thereis anyoneelsewaiting for thesamelock. If a lock is re-

leasedbyonethreadandthenacquiredby anotherthread,thisprocedurecanbemodeled

asansynchronizationedgeaccordingto thedescriptionof Section5.2.Meanwhile,the

lock releasersavesthe diffs (operation1 of above lock releasedescription)andif the

samelocationis accessedby thefollowing lock acquire,thediffs will bepropagatedto

the acquirer(operation4 of above lock acquiredescription).This satisfiesproperty4

of definition 5.3.1.Similarly, in barrieroperations(seethesubsequentsubsection), op-

eration1 save thediffs andthey will bepropagatedto theappropriatenodesaccording

operation4. And this satisfiesproperty5 of definition 5.3.1. Properties1, 2, and3 of

definition 5.3.1aredefinedby Cilk andinheritedby SilkRoad,they apply to normal

threadstealingandreturningsituations.Lastly, accordingto definition 5.3.2,we sayit

implements Õ5Ô Ö&�9× consistency.

5.5.2 Global Synchronization

Thebarrierglobalsynchronizationis implementedby usingacentralmanager. Whena

nodearrivesat a barrier, it sendswrite noticesof its dirty pagesto thebarriermanager

andthenwaitsfor themanager’sreply. Thebarriermanagerassemblesthewrite notices

from eachnodeandthe forward themto the restof the nodeswhenthe managerhas

receivedthebarrierrequestsfrom all nodes(it countsthenumberof therequestsof this

particularbarrierandcompareit with theclustersize). Eachnodethendis-assembles

the write noticesfrom the managerand marksthe pagesinvalid accordingly. After
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that,they candeparturefrom thebarrierpointandbegin with subsequentcomputation.

During thesubsequentcomputation, if a nodeneedsto get themostup-to-datedataof

aninvalidatedpage,it sendsa messageto themodifierdirectly to getthediffs.

In implementation,eachbarrierparticipantperformsthefollowing basicoperations:

1. Createwrite noticesandsave diffs of thedirty pages,andset“write-protect” for

thepages.

2. Sendbarrier requestmessage(including the write notices)to barrier manager

node.

3. Wait for thereplymessagefrom managernode.

4. Whenthe reply messagearrives,invalidatethepagesaccordingto thewrite no-

ticesin thereply message.After that, if thememorylocationsin the invalidated

pagesareaccessed,diffs will be requiredby theaccessingnodeandpropagated

from thepreviousmodifying node.

5.5.3 UserShared Memory Allocation

In order to organizethe virtual memoryefficiently, the usersharedmemoryis differ-

entiatedfrom thesystemlevel sharedmemory. In SilkRoad,to allocateglobalshared

memoryin programming, theuserneedto use“
ó Õ l��&þ�þ�æ�� 
 mQ�nL��XÖ"Ï�Ò ” function.Hence

theallocatedmemoryspaceis in anotherpartof theheap(usersharedmemoryspace)

andconsistency of thesesharedpagesareassuredby the extension part of Õ5Ô Ö&�9× .
Meanwhile,usermayalsouseglobal lock or barrierto accessor synchronizethedata

on thesepages.
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5.6 The Theoretical PerformanceAnalysis

In softwareDSM systems,theexecutiontimeof applicationsusuallyconsistsof thefol-

lowing parts: computationtime, schedulingoverhead,andsynchronizationoverhead.

The computationtime is the actual time spentin computing, and this is determined

by the applicationitself and the hardwareof the nodes. The scheduling overheadis

the overheadin distributing computation to eachnode. In the systems with dynamic

scheduling(suchasCilk andSilkRoad),theschedulingoverheadexists throughout the

execution. The synchronizationoverheadis the overheadin performingsynchroniza-

tion operations,e.g.,lock acquisitionfor acritical sectionor barriersynchronization. In

Õ5Ô Ö=�9× consistency, thesynchronizationoverheadis tracablebecauseof thesemantic

propertyof the ReleaseConsistency: it allows the consistency of updateddatato be

delayeduntil releasesandacquiresoccurs.With theaboveobservation,thetotalexecu-

tion time
ñSo

of anapplicationrunningonasoftwareDSM systemwith p nodescanbe

expressedasfollows: ñqo Ù ñ èsr ñ í�r ñ 
ZtNu
where

ñ è is the computation time,
ñ í is the schedulingoverhead,and

ñ 
OtNu is the

overheadbecauseof globalsynchronization.

In Cilk, for a multi-threadedcomputation which has
ñ [ total work (the execution

timeononeprocessor)and
ñ�v

critical-pathlength(theexecutiontimeon infinite num-

ber of processors),the expectedexecution time on p processoris w Ï ñ [HÏyx
Ð.Ó3Ò{z�phr
|�} ñSv Ò , where x is cachesize, Ó is the line sizeof thecache,} Ù~x�z�Ó is thecache

height,and | is theservicetimefor acachemisswithoutcongestion[61, 32]. Actually,

this performancemodelis for Ó;Ô andit hasalreadyincludedthecomputation time
ñ è
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andschedulingoverhead
ñ í . SinceCilk doesnot supportglobal mutual exclusion in

clustercomputing environments, the
ñ 
Zt�u portiondoesnotexist in Cilk. With theex-

tendeddag, for thepartiallystrictcomputation, the
ñ 
Zt�u portionshould beconsidered

in SilkRoadbecausetheremaybeglobalsynchronization betweenthreads.

For thesynchronizationoverhead
ñ 
ZtNu , thefollowing situationis considered:dur-

ing thecomputation, therearea largenumberof locking acquisitions (so that the lock

waiting time is not too insignificantto benegligible), andcomputation time betweena

lock acquireandreleasepair is very little (this meansthat the granularityof the lock

shouldnot belarge,asa genericsuggestionfor programming).In this case,theproce-

dureof acquiringa particularlock (identifiedby a lock number)canbe modeledasa

� z � z�B queue:All theacquirersof thesamelock arequeuingandwaitingto beserved

(i.e. gettingthegrantfor the lock acquisition). If theaveragecomputation time inside

the lock (i.e. aftergettingthegrantfrom the lock managerandbeforelock release)is

denotedby � � , thelock requestrate(i.e. thenumberof lock requestswithin a unit time)

is � , theaveragewaiting time of eachacquisition on this lock is
ñ�� Ù [������N� . If thereare

totally l requestson this lock, the total waiting time is l¶ø ñb� . If therearetotally u
locks(identifiedby lock numberin program)andfor eachlock thereare l�[#Ð�l8]XÐ=������l�c
suchkind of requestsrespectively (assumingtherearenotrecursivelockings),thentotal

lock waiting timecanbeexpressedas
ñ 
ZtNu Ù�� c'��q[ l�' [�� � �N� .

In [61] and[32], it wasproven that for any ����� , with probability at least B��I� ,
the total numberof stealrequestsand relatedpagetransfersis at most w Ï } p ñ�v r
} p����%Ï1B�zM�.Ò�Ò . This lemmaappliesto fully strict multithreadedcomputationwith work-

stealingscheduler, andthepagetransfersareresultedfrom threadstealingsandthread

returnswith the randomwork stealingscheduler. In SilkRoad,all the pagetransfers
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canbedividedinto two sets:oneis theschedulingtransfercausedby therandomwork

stealingscheduler(the above mentionedlemmaappliesto this situation), the other is

causedby theextensions in SilkRoadlike globalmutualexclusions(its overheadis inñ 
Zt�u ). Basedon this observation, we have the following theoremfor situationswith

largenumberof locksandsmalllock granularity(referto Chapter2 for explanationof

someof theterminologies).

Theorem 5.6.1 Consideranypartially strict multithreadedcomputationexecutedon p
processors,each with an Ó3Õ*�®Ïyx
Ð.Ó3Ò -cacheof height } , usingthework-stealingsched-

uler (like in Cilk andSilkRoad)in conjunctionwith theESBCcoherencealgorithm. Let

| betheservicetimefor a cachemissthat encounters no congestion,andassumethat

accessesto the mainmemoryare randomand independent. Supposethecomputation

has
ñ [ computation work,   Ïyx
Ð.Ó3Ò serial cache misses,

ñ [KÏ�x
Ð.Ó3ÒÆÙ ñ [�r |  �Ï�x
ÐhÓîÒ
total work, and

ñ�v
critical-path length. Then for any �¡� � , the executiontime

is w�Ï�Ï ñ [HÏyx
Ð.Ó3ÒbrJ� c'��q[ l�' [������N� Ò�zMp¢r |�} ñ£v r | ���bp¢r |�} ����Ï1B�zM�.Ò�Ò with probabil-

ity at least B��¤� , where u is the total numberof locks identifiedby lock number,

l�'µÏ�É Ù B9Ð�C�ÐZ�����]Ð�uJÒ is the numberof requestson lock É in the computation, � � is the

averagecomputationtimeinsidethelock and � is thefrequencyof thelocks.Moreover,

theexpectedexecutiontimeis w Ï·Ï ñ [HÏyx
Ð.Ó3Ò�r°Ïy� c'��q[ l�' [�� � �N� Ò�Ò{zMp¥r |�} ñ£v Ò .
Proof: As in [61] and[32], we shallalsouseanaccountingargumentto boundthe

runningtime. During theexecution,at eachtime step,eachprocessorputsa pieceof

silver into oneparticularbucketsaccordingto its activity at that time step. However,

for partiallystrictmultithreadedcomputation, two morebucketsareconsidered:LOCK

andLOCKWAIT. Additionally, unlike in [61], sincethe ESBCalgorithmis not using
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backingstoreasasharedvirtual memoryfor therun-timesystem,thereis a littl echange

with thebucketsXFERWAIT.

¦ WORK . A pieceof silver is put in thisbucket if theprocessorexecutesatask.So

this bucket containsexactly
ñ [ dollars,becausethereareexactly

ñ [ tasksin the

computation.

¦ STEAL . A pieceof silver is put in this bucket if the processorsendsa steal

request.Sincethereare w Ï } p ñqv r } p�����Ï1B�zM� Ý Ò·Ò stealrequests(seeLemma26

of[61]), thereare w Ï } p ñ£v r } p§����Ï3B�z�� Ý Ò�Ò piecesof silver in theSTEAL bucket.

Thisportionis determinedby therandomwork-stealingscheduler.

¦ STEALWAIT . A pieceof silver is put in this bucket if theprocessorwaitsfor a

responseto a stealrequest.Accordingto the recyclinggame[36], if ¨ requests

are distributed randomlyto p processorsfor service,with at most p requests

outstanding simultaneously, the total time waiting for the requeststo complete

is w Ïy¨©rKp§���Fp+rUp§���%Ï3B�z�� Ý Ò·Ò with probabilityat least Bª�«� Ý . Sincethereare

w Ï } p ñ£v r } p§���QÏ3B�zM� Ý Ò·Ò steals,thenthetotal time waiting for stealrequestsis

w Ï } p ñ£v rUp§���FpJr } p§����Ï3B�z���ÝqÒ�Ò with probability at least B*�K�.Ý [61]. How-

ever, in this case,sincethereis no reconcilingcacheto backing store for ESBC

algorithm, we do not needto accountfor thetime spentin reconciling.With the

considerationof theidlestepstoavoid toofrequentstealrequests[61, 32], thetotal

numberof piecesof silver in thisbucket is w�Ï |�} p ñ¬v rHp§���(p­r } p§����Ï3B�z�� Ý Ò�Ò .
¦ XFER. If a processorsendsa line-transferrequest,it putsa pieceof silver into

thisbucket. Eventhoughin ESBCalgorithmtherequestis sentto thelastvictim
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insteadof thebacking store, thenumberof piecesof silver in this bucket is still

w Ï |  �Ï�xbÐ.Ó3Ò£r |�} p ñ£v r |�} pe���%Ï3B�zM��ÝqÒ·Ò [61].

¦ XFERWAIT . If a processorwaits for a line transferto complete,it putsa piece

of silver into thisbucket. Therecycling gameshowsthatthereare w�Ï |   Ïyx
Ð.Ó3Ò�r
|S} p ñ£v r | pe���bpUr |�} p�����Ï1B�zM� Ý Ò·Ò piecesof silver in this bucket with proba-

bility at least B.�­� Ý .
¦ LOCK . If aprocessorperformsanacquireoperation,it putsapieceof silver into

this bucket. This resultsfrom theextendeddagfor partially strict multithreaded

computation. Thenumberof lock acquisitionsdependsontheapplicationandthe

scheduler. If u is the total numberof locks identifiedby lock number, l�'�Ï�É�Ù
B�Ð�C�ÐZ�����^Ð�uJÒ is thenumberof requestson lock É in thecomputation, thenthe total

numberof locksin thewholecomputationis � c'��q[ l�' .
¦ LOCKW AIT . According to the analysisabove, the lock waiting time can be

expressedas
ñ 
OtNu Ù¡� c'��q[ l�' [����1�N� .

Now we add up the silver in eachbucket and divide by p to get the running time.

With probabilityat least B6�®CM� Ý , thesumof all thepiecesof silver in all thebucketsisñ [�rªw�Ï |   Ïyx
Ð.Ó3Ò�r |S} p ñ£v r | pe���Fp\r |�} p�����Ï1B�zM� Ý Ò�r¯� c'��q[ l�' [������N� Ò with probability

at leaseB@�­CM��Ý . Dividing by p , wecanobtainruntime
ñ°oe± w�Ï�Ï ñ [£r |  �Ï�xbÐ.Ó3Ò·Ò{z�p¥r

|�} ñSv r | ���bpIr |�} ����Ï1B�zM� Ý Ò%r°Ï � c'��q[ l�' [�� � �N� Ò{zMp�Ò with probability at leaseB��®CM� Ý .
Usingtheidentity

ñ [KÏyx
Ð.Ó3Ò�Ù ñ [°r |  �Ï�xbÐ.Ó3Ò andsubstituting �'Ù¢CM� Ý yieldsthehigh-

probability bound.Theexpectedboundfollowssimilarly. ,
Theperformancemodelof distributedsharedmemoryis aninterestingproblembut

thereis notmuchtheoreticalwork on it. Somerelatedwork doneon this topic include:
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DonaldYeungetal. [137, 138] startedfromtheclustersof SMPswith arelatively simple

protocol.Their focusis ontheperformanceof thelargescalemulti-grainsystem, which

consistsof clustersof SMP machines(totally hundredsof CPUsor even more)with

different levels of memory. They model the performancewith the considerationof

pagefault, network latency, etc,so they analyzetheperformanceat a lower level than

we do. Bilas [22] analyzedthe performanceof sharedvirtual memoryon networks

from communication layer, protocollayer, andapplicationlayer. The factorsthatmay

affect performanceareanalyzedin detail, but no theoreticalperformancemodelsare

proposed.Our performancemodelis basedon Cilk’s initial theoreticalmodelwith the

considerationof theoverheadof sharedmemoryoperations.

5.7 Discussion

Cilk is featuredby its efficient load balancingand Ó;Õ5Ô is aboutdistributed shared

memory. They seemsto be orthogonal,but thereexists a crosspoint, which is the

memoryconsistency model.Memoryconsistency modelis a critical elementof DSM.

On the otherhand,Cilk’s efficient load balancingis built on both work-stealingand

Divide andConquerparadigm.Its underlyingsupporting memoryconsistency model

is LC. In our work, our main target is to achieve the supportof multiple paradigms

(including Divide and Conquerand SPMD, etc). In order to achieve this goal , we

explorethememorymodelapproach.Wefocusourwork ontheoverlappedpartof these

two topic andhopeto extendtheunderlyingmemorymodelandhencemoreparadigm

canbesupported(see Figure5.6). In addition, Ó3Õ5Ô ’s “lazy” ideaprovidessomehints

of reducingnetwork traffic for existingsystem.
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Figure5.6: Thememorymodelapproachto achievemultiple paradigmsin SilkRoad.

In ourearlierimplementationof SilkRoad[105], thebarriermechanismwasnot im-

plementedandweonly introducedthelockmechanismwithout changingCilk’sbacking

storeandthe way to keepmemoryconsistent in Cilk runtimesystem.So the consis-

tency of thesysteminformationwasmaintainedby Ó;Ô , andthelock wasimplemented

with Ó;Õ5Ô semantics.In our laterwork, thebarrierwasintroduced.More importantly,

Õ5Ô Ö=�9× is formally analyzedbasedon thecomputation-centricmemorymodeltheory

system,andthelater implementationdiffersfrom theearlieronein that“lazy” seman-

ticsareintroducedandthebackingstoreof Cilk areremoved.Sothesimilarity between

Õ5Ô Ö=�9× and Ó;Õ5Ô is thatthemodificationsof sharedmemorypagesarepropagatedin

a “lazy” stylein bothmemorymodels.However, onedifferenceis thatthesystemdata

modificationpropagationsaretriggeredby threadstealingsor returnsin Õ5Ô Ö&�9× , while

in Ó3Õ5Ô all propagationsaretriggeredby lock or barrieroperations.Sowecanalsosay
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node 0 node 1 node 2

lock(1)

a = 0;

unlock(1)

lock(1)

a = 1;

unlock(1)

lock(1)

x = a;

unlock(1)

Figure5.7: A situation that might be affectedby interferenceof lock operationsand
threadmigration

Õ5Ô Ö=�9× is a “hybrid” modelin that thepagepropagationsarecoupledwith eitherthe

operationsof threadstealingsor globalsynchronizations(i.e. global lock acquisitions

andbarriers)accordingto theESBCintroducedin thischapter.

At theprogramminglevel, our extensionsintroducedifferentsemanticsfrom Ó;Õ5Ô
in that more restrictionsare appliedto the programmerssincethreadmigration and

memoryconsistency operationsco-exist. With typical LRC, programmerscareabout

the datasharingvia the mechanismslike barrierandlock. In contrast,Õ5Ô Ö=�9× con-

sistency putsmorerestrictionson programmers:In the programswith locks, the user

shouldreducethelock granularityandmakesurethatthereisnothreadspawningwithin

the locks. For example, Figure5.7 illustratesa simplesituationof usingsharedvari-

ableswith locks(thedottedarrows show thelock transferringsequence):thethreadon

node0acquiresa lock andwrite a valueto thesharedvariable � which is followedby a

lock release;thenthethreadonnode1alsodoesawrite operationon � ; lastly thethread

on node2doesa readoperationon � . Therewill be no problemif thesethreepieces

codearerunningon differentnodeunder Ó3Õ5Ô . However, with Õ5Ô Ö=�9× , thescenario
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node 0 node 1

barrier(0);
x = a[0][0] + a[0][1];
a[0][0] = x;
barrier(1);

barrier(0);
y = a[0][0] - a[0][1];
a[0][1] = y;
barrier(1);

Figure5.8: A situation thatmight beaffectedby interferenceof barrieroperationsand
threadmigration

maybechangedif, after lock acquisition, the threadon node2 spawnsanotherthread

andit is migratedto node0if node0is freewhile node2is heavy loaded.In this case,

the readoperation(i.e. D�Ùï�d² ) will possiblygetanobsoletevaluesincenode0is not

thelastwriter of � .
In SPMDprogramswith globalbarriers,theusershouldcareaboutthenumberof

threadsandtheir level in thespawn tree.Usersaresuggestedto spawn asmany threads

asthenumberof processorsandthesethreadsareleavesin thespawn tree.Otherwise,

threadmigration might alsointerferewith memoryconsistency operations.For exam-

ple, the pseudocodein Figure5.8 illustratesthis situation: in betweentwo barriers

(i.e. ³#�nL LMÉ��ZLrÏ���Ò and ³#�PL LGÉ´�ZL`Ï3BPÒ ), theprogramcalculatethevaluesof theelementsin a

C ø§C matrix (storedin sharedmemory):thevalueof thefirst columnis calculatedby

summing thevaluesof theelementsin thesamerow of thetwo columns,andthesecond

columnis calculatedby subtractingthe valuesof theelementsin thesamerow of the

two columns(thecodein thefigureonly shows thecalculationof thefirst elementsof

thecolumns).If this is doneby two threadson two processorsandeachcalculatesone
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columnof elements,eachthreadwill get thesamevaluesof thesharedvariableswhen

they leave thefirst barrier(i.e. ³#�PL LGÉ´�ZL`Ïy��Ò ). Accordingto Ó3Õ5Ô , thewritten valuesof

write operations(i.e. �
µ¶��·´µ¸��·$Ù¹D and �
µ¸��·´µºB=·?Ù»t ) on the sharedmemorywill not be

“seen”by eachotheruntil they all arrivethebarrier(i.e. ³#�PL LGÉ´�ZL`Ï3BPÒ ). Sothosewrite op-

erationdonot affect theotherthread’s readoperation.However, in Õ5Ô Ö&��× , after they

leave barrier0, if thread0 spawnssomeotherthreadsanditself is migratedto node1

becauseof the load imbalance,the write operationsmight affect the readoperations,

dependingon theexecutionspeedof thetwo threads.

Sowecanseethatfor thethreadsthatdomemoryconsistency operations(like lock

release/acquireandbarrier),theserestrictions(which do not exist in normal Ó;Õ5Ô sys-

tems)keepthemrunningat the leaf level in a spawn treesothat they arenot migrated

(accordingto Cilk’s policy, theparentthreadsareusuallystolensothat thestealercan

getmorework to do),henceavoiding thecomplicatedsituation in which memorycon-

sistency operationsandthreadmigrations interferewith eachother. Thethreadmigra-

tion in SilkRoadis randomandnotpredictable,sofar we did somefeasibility studyon

thesynthesisof thesetwo aspects.It is still achallengingandinteresting futureresearch

topic to do furtherexploration.

5.8 Conclusions

OnedifferencebetweenSilkRoadandCilk is that SilkRoaddoesnot usethe backing

storeto maintainthe consistency of the cachepagesin order to reducethe network

traffic. SilkRoademploys SBC to maintainthe coherenceat runtimelevel. Without

backingstore,the consistency of systemdatais maintainedwith the event of thread
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stealingandreturn,which makesit differentfrom Ó;Õ5Ô . Moreover, Õ5Ô Ö&�9× memory

consistency modelis built on thebasisof Ó;Ô andit is motivatedby theattemptto pro-

viding userlevel sharedmemorybasedon Ó;Ô to supportwider rangeof computation.

The semanticsof the Ó3Õ5Ô are introducedandthe BACKER algorithmin Cilk is re-

placedby ESBCalgorithm.Thisshowsawayto supportmoreprogrammingparadigms

in aparallelsystem.



Chapter 6

SilkRoad PerformanceEvaluation

Thischapterevaluatestheperformanceof theSilkRoadsystem.Ourexperimentsareto

demonstratetwo majoraspectsof SilkRoad:

¦ Theefficiency andperformanceof Õ5Ô Ö&�9× .
¦ Theability to supportmultipleparadigms.

As it is mentionedin previouschapters,theimplementationof Õ5Ô Ö&�9× consistency

makesSilkRoadprovide a userlevel sharedvirtual memoryandconsequentlymakesit

possible to supportthe applicationsprogrammedin the paradigmsotherthanDivide-

and-Conquer. This chaptershows the experimental performanceand discussions on

the results. The speedupof variousapplicationswith differentproblemsizeswill be

shownfirst todemonstratetheoverallperformanceof SilkRoad.Wefurthercomparethe

performanceof SilkRoadandCilk by runningsomeDivide-and-Conquerapplications

chosenfrom Cilk’s testsuite.This is to show theeffect of reducingnetwork traffic and

the introducedoverheadin SilkRoadwhenproviding a global sharedmemorybased

113
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on Cilk’s runtime system.Theperformanceof SilkRoadis alsocomparedwith thatof

TreadMarks.This is doneby runningsomenon-Divide-and-Conquerapplications.

The remainderof this chapteris organizedasfollows: Section6.1 introducesthe

platformusedfor theperformanceevaluation. Section6.2describestheapplicationsin

our testsuite andtheir attributes.In Section6.3, theexperimentalresultsareshown as

well astheanalysisanddiscussionon them.ThecomparisonsbetweenSilkRoad,Cilk,

andTreadMarksarealsoshown andanalyzed.Finally, Section6.4 gives a conclusion

of thischapter.

6.1 Experimental Platform

Thetest-bedfor ourexperimentsis a16-nodePCcluster. Theprocessorof eachnodeis

Intel Pentium-III500MHz CPU.Thememorysizeis 256MB (or 512MB for thenode

actingastheNFS/NISserver). Nodesareinterconnectedwith 100MbpsFastEthernet

network in a startopologythrougha 100BaseTswitch. Theoperatingsystemof each

nodeis RedHatLinux 6.2with thekernelof version2.2.18.

6.2 TestApplication Suite

In our experiments, nine applicationsare usedand they are introducedbelow. De-

pendingon thenatureof theapplications,differentprogrammingparadigmswereused.

Specifically, the Matrix Multiplication, N queen,LU, and Knary are selectedfrom

Cilk’s testsuiteandtheDivide-and-Conquerparadigmis usedin theseprograms.The

Traveling SalesProblemprogramis basicallywrittenwith Master/Slaveparadigm,and
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it usessharedvariables.EmbarrassinglyParallel, Red-Black Successive Over Relax-

ation, Jacobiiteration,and GaussianElimination usethe SPMD paradigmsand also

needaglobalsharedmemory.

Matrix Multiplication (Matmul) Matrix multiplication is a basicapplicationwhich

is widely usedin benchmarking.The Matmul programmultiplies two uªø¼u
matricesA andB andputstheresultsinto anothermatrix C. In our testsuite,the

Matmulprogramusesclassicalalgorithmto do themultiplication. It fits into the

divide-and-conquerparadigmwell: recursively splitting the probleminto eight

uSz½C
ø\uSz½C matrixmultiplicationsubproblemsandcombiningtheresultswith one

uëø¾u addition. This programneedsthe runtimelevel sharedmemorysupport

becausethreematricesaresharedamongthespawnedthreads.Neitherlock nor

barrieris neededhoweverasthebasicparallelcontrolconstructssuffice.

N QueenProblem (NQueen) Theobjectiveof theNQueenprogramis toplaceu queens

onan u�ø)u chessboardsuchthatthey donotattackeachother. Theprogramfinds

all suchconfigurationsfor agivenchessboardsizeanddiffersfrom theoriginal u
queensprogramin Cilk, in whichcaseif onesolution is foundall theothersearch-

ing threadsareaborted.TheSilkRoadprogramexploresthedifferentcolumns of

a row in parallel,usinga divide-and-conquerstrategy. Thechessboardis placed

in the DSM suchthat child threadscanget the chessboardconfigurationfrom

theirparentthread.Thedatain thechessboardmustbekeptconsistentat runtime

level. Again theuserlock is notnecessaryin theprogram.

LU decomposition(LU) The Ó�� programperformstheDivide-and-Conquerform of

a blocked Ó�� decomposition of a densematrix Ï�¿jÙ Ó��	Ò . Ó�� factorizationis
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themosttimeconsumingstepof acommonmethodof solving a systemof linear

equations.The denseuëø?u matrix is dividedinto an ¨ ø­¨ arrayof À ø­À
blocks to exploit temporallocality of sub-matrixelements( u¦ÙÁ¨7À ). In our

experimental programLU, theblocksizeis setto be16.

Knary (Knary) Knary is a syntheticbenchmarkin Cilk. Its parameterscanbe setto

producea varietyof valuesfor work andcritical pathlength. Thesyntaxof the

commandline is
Ì uz�PL t?Â¤
��ZLGÉD�&þ���Â¯åQ�PLM�&þ�þ��Xþ���ÂÃ:	æ�L Ì ��Â ÖP�·år��m®� . With

the providedparameters,it generatesa treeof depth ÂjÖP�·år��m¼� andbranching

factorin which thefirst ÂÃ
O�ZLMÉW�=þ.� childrenat every level areexecutedserially

andtheremainderÂ åQ�PLM�&þ�þ��Xþ�� childrenareexecutedin parallel. At eachnode

of thetree,theprogramrunsanempty“for” loop for anumberof times.

Traveling SalesmanProblem(TSP) TheTSPprogramsolvesthe traveling salesman

problemusingabranchandboundalgorithm. In thisprogram,anumberof work-

ers(i.e., threads)arespawnedto explore differentpaths. The actualnumberof

workersdependson the numberof availableprocessors.Unexplored pathsare

storedin a global priority queuein the user-level sharedmemory. All workers

will retrieve the pathsfrom the priority queue. So it is basicallya work-pool

paradigm.Theboundis alsokeptin thesharedmemory, andeachthreadaccesses

(i.e.,readsor writes)theboundthrougha lock, in orderto ensuretheconsistency.

Embarrassingly Parallel (EP) The Embarrassingly Parallel (EP) from NAS bench-

marksuite [11] accumulatestwo-dimensional statisticsfrom a large numberof

Gaussianpseudo-randomnumberswhich are generatedaccordingto particular

schemethatiswell-suitedfor parallelcomputation. Thecomputation-communica-
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tion ratio of theparallelversionis very high andtheonly communicationoccurs

whensumming upa list in thefinal of theprogram.Theupdatesto thesharedlist

areprotectedby a lock.

Red-Black SuccessiveOver-Relaxation (SOR) Red-BlackSuccessiveOver-Relaxation

(SOR) is a methodof solvingpartialdifferentialequations.In parallelSOR, The

red andthe black arraysaredivided into roughly equalsizebandsof rows and

eachof themis distributed to a differentprocessor. It is a typical SPMD style:

samecodeareexecutedon differentmatricesandduringthecomputation, com-

munication occursacrossthe boundaryrows betweenbands. In SilkRoad,the

red andblack arraysarestoredin sharedmemoryandthe programusesglobal

barriersto synchronize.

Jacobi iteration (Jacobi) Jacobiis a methodfor solvingpartialdifferentialequations.

TheJacobiprogramiteratesovera two-dimensionalarray. Duringeachiteration,

every matrix elementis updatedto the averageof its nearestneighbors(above,

below, left, andright). Becauseof thestrongdatadependence,it is hardto divide

the probleminto several smaller independentproblems,so we usethe SPMD

paradigmto solve this problem.Theprogramusesa local arrayto storethenew

valuescomputedduringeachiterationin orderto avoid overwriting theold value

of theelementbeforeit is usedby its neighbor. In theparallelversion,thetwo-

dimensionalarrayis dividedinto roughlyequalsizepartsanddistributedto each

node. Their boundaryrows aresharedby the neighboringnodes. Barriersare

usedfor synchronizationafterthecalculationandcopying datafrom sharedarray

to localarrayin eachiteration.
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GaussianElimination (Gauss) GaussianElimination (Gauss) decomposesa square

matrix into upperandlower triangularsubmatricesby repeatedlyeliminatingthe

elementsof the matrix underdiagonal,one column at a time. In this SPMD

paradigm,communicationoccursafterthecalculationin eachiterationvia global

barriers.

6.3 Experimental Resultsand Discussion

6.3.1 PerformanceEvaluation

Theoverall performanceof SilkRoadprogramsis listed in Table6.1. In thefollowing

analysis,thespeedupis computedby dividing thesequentialprogram’s executingtime

by the correspondingparallelprogram’s executingtime. We usedthe gcc compiler

(version2.91.66)to compileall of theapplicationprograms.

Applications serial 2 procs 4 procs 8 procs 16procs

Matmul( BZÄçø?BZÄ ) 84.66s 38.41s/2.20 28.14s/3.00 24.73s/3.42 21.27s/3.98
NQueen(13) 76.64s 39.44s/1.94 19.78s/3.87 10.84s/7.07 5.43s/14.11

LU( BOÄ¶øHBOÄ ) 83.55s 28.30s/2.95 21.59s/3.87 16.33s/5.11 13.74s/6.08
Knary(0,10,10,7) 31.77s 15.95s/1.99 8.08s/3.93 4.13s/7.69 2.69s/11.81

TSP(19b) 11.54s 6.89s/1.67 5.43s/2.13 3.37s/3.42 4.92s/2.34
EP( C ]´Å ) 22.99s 11.62s/1.98 6.01s/3.83 3.15s/7.30 1.59s/14.46

SOR( CMÄ¶ø�C�Ä ) 21.69s 11.62s/1.87 6.57s/3.30 3.78s/5.74 2.55s/8.50
Jacobi( BZÄçø?BZÄ ) 12.06s 6.19s/1.94 3.72s/3.24 2.67s/4.51 1.94s/6.21
Gauss( BOÄ ø?BOÄ ) 23.51s 13.42s/1.74 8.43s/2.79 5.14s/4.57 7.32s/3.21

Table6.1: Timing/speedupof theSilkRoadapplications.
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Matmul

In Matmul, the Divide-and-Conquerstrategy usedin the SilkRoadprogramachieved

a goodperformancespeedup.We testedwith the matrix sizeof BO�nC�Æ�ø¥BZ�nC�Æ andwe

achievedgoodspeedupandevensuper-linearspeedup.Thespeedupis 2.20on 2 pro-

cessors,3.00on 4 processors,3.42on 8 processors,and3.98on 16 processors.The

super-linear speedupon two processorscomesfrom the datalocality. In SilkRoad,if

all elementsof a dividedMatmulblockcanfit in thelocal cache,therearemuchfewer

cachemissesin comparisonwith thesequentialprogramthatstoresthematricesin the

cachein row majororder. Whenthematricescannotfit into the local cache,thrashing

occurs. In the SilkRoadMatmul program,the matricesaredividedinto small blocks

until it reachesthesizeof BOÇ
ø­BZÇ allowing themto fit easilyinto thelocal cache.The

systemoverheadreducesthe overall speedupa lot in Matmul. For example,for the

problemsizeof BZ�nC�Æ!ø?BO�nC Æ on four nodes,theCPUworking time takesaboutÇnÈ½É of

theoverallexecutiontimeandtherestis takenby system, whichspendsa lot of time to

processthelargesizeof datain thesharedmemory.

NQueen

We rantheNQueenprogramwith theboardsizeof 13. It achievedspeedupof 1.94on

2 processors,3.87on 4 processors,7.07on 8 processors,and14.11on 16 processors.

In this program,the chessboardis storedin the DSM, but the amountof data(i.e.,

the currentchessboardconfiguration)to be transferredis lessthan that of Matmul.

Thus, the parallel executiondoesnot suffer too much from the DSM overheadand

it achieved betterspeedupthanMatmul. In our experimentsthe systemoverheadof
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theexecution is lessthan B�É of the total execution time so that theover speedupsare

good.In comparisonwith Cilk NQueen(shown in Table6.3), thespeedupof SilkRoad

NQueenis comparablein scaleof ourexperimentalcluster.

LU

We ran LU programwith the matrix sizeof BO�½C�Æ�øIBO�½C�Æ , andwe got speedup2.95,

3.87,5.11,and6.08on 2, 4, 8, and16 processorsrespectively. Like the Matmul, by

dividing largematricesinto thesmallsizeblocks( BOÇ ø®BOÇ blocksin this application),

datalocality wasutilized andparallelismwasincreased.In comparisonwith Cilk LU

(as it is shown in Table 6.3), SilkRoadperformscloseto Cilk. However, when the

problemsizeis large,thesystemoverheadgoesup quickly (for example,it takesabout

CM�½É of theexecutiontime for BO�nC Æ ø­BO�nC�Æ on four nodesin our experiments)andthe

overallspeedupis affecteda lot.

Knary

We ran Knary programby providing the parameterswith the values(0,10,10,7)and

achievedthespeedup1.99,3.93,7.69,and11.81on 2, 4, 8, and16 processorsrespec-

tively. In thisexample,theserialwork is specifiedto benull andhencehighparallelism

is achieved.

TSP

In TSP, the distancesof all cities, the currentshortestroute,the boundof the current

shortestroute, and a priority queuestoring all unexplored routesare held in global
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sharedmemorythat is frequentlyaccessedby multiple worker threadsvia locks. This

paradigmis notdirectlysupportedin Cilk becauseit requiresuser-level sharedmemory

andglobalmutualexclusion. CurrentlytheSilkRoadTSPprogramwith thesizeof 19b

achievesspeedupof 1.68on 2 processors,speedupof 2.13on 4 processors,3.42on 8

processors,and2.35on 16 processorsrespectively for the sameproblemsize. When

thenumberof processorsis increasedto 16,theexecutionslowsdown. Thisshowsthat

therapid increaseof communicationoverheadon 16 processorsoffsetsthebenefitsof

parallelism.

EP

For EP, with C ]´Å randomnumbers,we obtainedspeedupof 1.98,3.83,7.30,and14.46

on 2, 4, 8, and 16 nodesrespectively. In this program,the computationto commu-

nicationratio is very high so the communicationoverheadarecompensatedandgood

speedupsareachieved.Thisprogramalsocannotbedirectlysupportedby Cilk because

it needsagloballock to accessdatastoredin thesharedvariable.

SOR

For the typical SPMDstyleSOR, we ran it with theproblemsizeof Ê½� iterationswith

CM��ÆnÊ!ø�CM�MÆnÊ matrixsize.On 2 processorsthespeedupis 1.87.On 4, 8, and16proces-

sorsthespeedupsare3.30,5.74,and8.51respectively. This programusesbarrierfor

globalsynchronizationduringcomputation. Usually thebarrieroperationsareconsid-

eredto betime consuming.In SilkRoad,for example, with problemsizeof È�B�C
ø§ÈNB�C
runningon four processors,thebarrieroperations(includingbarrierwaiting andmes-
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sageprocessing)takeaboutËnÉ of thetotalexecution time. Thespeedupsshow thatthe

barriercanbeefficiently realizedin Õ5Ô Ö=�9× consistency.

Jacobi

In anotherSPMD programJacobi with BO�½� iterationson the matrix size of BO�½C�Æ£ø
BO�½C�Æ , we achievedspeedupsof 1.94on 2 processors,3.24on 4 processors,4.52on 8

processors,and6.21on 16 processors.It shows theefficiency of the Õ5Ô Ö&�9× ’s barrier

for globalsynchronizationin SPMDparadigms.

Gauss

Gaussgot speedupof 1.75,2.79,4.57,and3.21on 2, 4, 8, and16 processorsrespec-

tively. On larger clustersize (16 nodes),the speedupis decreaseddown and this is

becausetheoverheadof processingbarrierwrite notices(i.e. assembledby thebarrier

manageranddis-assembledby eachnode)increasesfastwhenmorenodesareinvolved

into thecomputation. Meanwhile,this problemsizemaynot put enoughcomputation

oneachnodeto offsettheincreaseoverhead.

We also testSilkRoad’s scalabilitywith problemsize. We ran the NQueenwith

problemsizeof 11,12,13,and14. WealsorantheSORwith matrixsizeof È�B�C�ø7È�B�C ,
BO�½C�Æ!ø?BO�nC�Æ , CM�MÆ½ÊZø?BO�nC�Æ , and CM��ÆnÊZø�CM�MÆnÊ . Theresultsareshown in Table6.2.

For SORwith È�BOC�øÌÈ�BOC matrix size,SilkRoad’s speedupis not asgoodasthose

with larger matrix sizes. The speedupeven dropswhen the numberof processorsis

increasedto 16. This shows that for small problemsize the overheadof the system

cannotbeoffsetby theachievedparallelismandlargerdatasizemakestheapplication
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Applications problemsize 2 procs 4 procs 8 procs 16procs

È�BOC®ø�È�B�C 1.71 2.76 3.24 2.59
SOR BZ�nC�Æ!ø?BO�nC Æ 1.80 2.99 3.53 3.71CM�MÆ½ÊZø?BO�nC�Æ 1.79 3.01 3.96 5.09CM�MÆ½ÊZø�CM�MÆnÊ 1.87 3.30 5.74 8.50

11 1.92 3.20 4.69 5.61
NQueen 12 1.96 3.76 6.18 7.82

13 1.94 3.87 7.07 14.11
14 1.99 3.94 7.60 14.67

Table6.2: SilkRoad’sspeedupwith differentproblemsizes.

benefitmorefrom parallelism.

Similarly, NQueenalsoachieved betterspeedupswith larger problemsizes,espe-

cially on largerclusterscales.This is mainly becauseof therelatively smalldatacom-

munication in computation.

6.3.2 Comparing with Cilk

In orderto seetheeffectsof extending thememorymodelof Cilk, theperformanceof

theSilkRoadis comparedwith thatof Cilk in Table6.3. Theapplicationsshown in the

tableareall usingDivide-and-Conquerparadigm.Table6.4,Table6.5, andTable6.6

show thatgenerallyÕ5Ô Ö&�9× consistency resultsin lesscommunication dataandmes-

sages,sincethestealingbasedlazystylediff propagation policy is employedandhence

the modificationsof sharedpagesarenot written backto the backing store eachtime

whenthreadstealingandreturnhappen.

For Matmul, SilkRoadrunsin a speedcloseto Cilk with smallerclusterscale,even

thoughSilkRoadsendslessmessagesandtransferredlessdata. This is becausepro-

cessingthemessagesin SilkRoadtakeslongertime sincemoredataarepiggy backed
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within the messages.SilkRoadachievesbetterperformancewith larger clusterscale.

This shows thatwhenthenumber of processorsis increased,the introduction of Ó3Õ5Ô
ideastakesmoreeffect. However, whentheclusterscalesup, we noticethat thetrans-

ferreddataincreasefasterthan the numberof messages( Table6.6 shows SilkRoad

Matmul transferredmoredatathanCilk Matmul). This is becausethenumberof diffs

in themessagesincreasesvery fastwith thenumberof processors,soit shows thediffs

maintenancepolicy in SilkRoadcanbefurtheroptimized.

For NQueen, the speedof SilkRoadgetscloseto that of Cilk whenincreasingthe

numberof processors.Sincethedataof NQueenis muchlessthanthatof Matmul, the

network communication is lessfrequentthanCilk evenwhenthenumberof processors

increases.Like in Matmul application,SilkRoadtransferredlessdataand messages

thanCilk.

For LU andKnary, SilkRoadalsoachievedcomparablespeeduponall of thecluster

scales.Generallywe canseethatwith removing thebackingstoreandmaintaining the

memoryconsistency with threadmigration,SilkRoadperformscomparableto Cilk with

four of ourapplicationswhichuseDivide-and-Conquerparadigm.

6.3.3 Comparing with TreadMarks

For theapplicationsthatarenot directly supportedby Cilk andareimplemented with

theparadigmsotherthanDivide-and-Conquer, their performancearecomparedagainst

TreadMarks(version1.0.3),awell-knownsoftwareDSMsystem.Theresultsareshown

in Table6.7.

For SOR(2K ø 2K, 80 iterations), SilkRoadgot the speedupsvery closeto that of
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Applications Numberof processors SilkRoad Cilk

Matmul 2 38.41s 29.36s
( BOÄ¶ø?BZÄ ) 4 28.14s 26.08s

8 24.73s 24.39s
16 21.27s 22.01s
2 39.44s 38.32s

NQueen(13) 4 19.78s 19.58s
8 10.14s 9.98s
16 5.43s 5.65s
2 28.30s 28.55s

LU 4 21.59s 22.64s
( BOÄ¶ø?BZÄ ) 8 16.33s 17.06s

16 13.74s 15.04s
2 15.95s 15.82s

Knary 4 8.08s 8.05s
( �`ÐZBZ�`ÐZBO�`Ð�Í ) 8 4.13s 4.08s

16 2.69s 2.66s

Table6.3: Timing of theapplicationsfor bothSilkRoadandCilk.

TreadMarkswith a smallnumberof processors,but whenthenumberof processorsis

increased,the speedupof SilkRoadis lessthanthat of TreadMarks.This shows that

the barrierimplementation in SilkRoadis asefficient asTreadMarkswith small scale

clusterbut lessefficient whentheclusterscalesup. This is mainly becausethequickly

increasedmessagesizein SilkRoadoffsetssomeof thegainedperformance.

For TSPwith 19cities,bothTreadMarksandSilkRoadachievedincreasedspeedups

Applications Transferreddata Numberof messages
SilkRoad Cilk SilkRoad Cilk

Matmul( BOÄ¶ø?BZÄ ) 30.6MB 78.5MB 28,404 98,849
NQueen(14) 132KB 296KB 561 633

LU ( BOÄçø?BOÄ ) 6.1MB 30.7MB 16,232 39,555
Knary ( �`ÐZBO��ÐZBO�`Ð�Í ) 35KB 107KB 375 381

Table6.4: Messagesandtransferreddatain theexecutionof SilkRoadandCilk appli-
cations(runningon2 processors).



Chapter 6. SilkRoad PerformanceEvaluation 126

Applications Transferreddata Numberof messages
SilkRoad Cilk SilkRoad Cilk

Matmul( BOÄ¶ø?BZÄ ) 94.4MB 160.5MB 95,619 195,169
NQueen(14) 617.6KB 1.9MB 2,793 4,216

LU ( BOÄçø?BOÄ ) 17.9MB 63.9MB 51,498 116,971
Knary ( �`ÐZBO��ÐZBO�`Ð�Í ) 138KB 765KB 1,285 2,493

Table6.5: Messagesandtransferreddatain theexecutionof SilkRoadandCilk appli-
cations(runningon4 processors).

Applications Transferreddata Numberof messages
SilkRoad Cilk SilkRoad Cilk

Matmul( BZÄ¶ø?BOÄ ) 343MB 268MB 207,955 330,193
NQueen(14) 2.77MB 6.94MB 7,877 15,938

LU ( BOÄ¶ø?BZÄ ) 122.39MB 147.6MB 138,214 319,495
Knary ( �`ÐZBO�`Ð=BO�`Ð�Í ) 765KB 1.87MB 5207 6460

Table6.6: Messagesandtransferreddatain theexecutionof SilkRoadandCilk appli-
cations(runningon8 processors).

with smallerclusterscale,but thespeedupslowsdown with largerclusterscale(sixteen

processors).Theperformancedescreaseonsixteennodesshows theimplementationof

lock needsimprovementbecausetheoverheadof diff processing(creatingdiffs, com-

paringandfiltering diffs, andapplyingdiffs) increasesfastwhentheclustersizeis big.

TreadMarksoutperformsSilkRoad,becausein TSP, thelock for theglobalqueue(stor-

ing the partial results)haslarge granularityandSilkRoadthreadsspendmoretime in

waiting for the lock. This alsoshows the implementationof SilkRoadneedsfurther

optimization. Moreover, theeagerdiff creationin SilkRoadalsotakesmoretime than

TreadMarksin creatingdiffs thatwill possibly notbeusedlater.

For Gauss, the speedupof both SilkRoadandTreadMarksare increasingon two,

four, andeightprocessorsbut decreaseswhenthenumberof processorsis increasedto

sixteen.TheSilkRoadperformancedescreaseonsixteennodesis dueto theintroduced
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Applications No. of processors Speedupof SilkRoad Speedupof TreadMarks

SOR 2 1.87 1.82
( CMÄ¶ø�C�Ä , 4 3.30 3.49

80 iterations) 8 5.74 6.36
16 8.50 10.09
2 1.67 1.88

TSP(19b) 4 2.13 3.60
8 3.42 4.47
16 2.34 2.92

Gauss 2 1.74 1.85
( BZÄ¶øHBZÄ ) 4 2.79 3.02

8 4.57 5.03
16 3.21 4.89
2 1.98 1.99

EP ( C ]´Å ) 4 3.83 3.99
8 7.30 7.98
16 14.46 15.98

Table6.7: Comparisonof speedupfor bothSilkRoadandTreadMarksapplications.

barrieroverheadwhich is big whentheclustersizeis big. Thebarriermanageris po-

tentially a performancebottleneckbecauseit needsto assemblethe write notices(i.e.

theinformationaboutwhich pageshave beenmodifiedby which node)andbroadcasts

to eachnode.Eachnodedis-assemble thewrite noticesuponreceiving from theman-

ager. Thisassembly(at themanagerside)anddis-assembly (ateachbarrierparticipant)

procedurefor eachbarriercanbe time-consuming whenthe numberof processorsis

large, sincethe managerneedsto assemblethewrite noticesfor a lot moretimesand

eachtimewith moresourcenodes’write notices.Eachnodealsoneedsto dis-assemble

morenodes’write notices.This overheadincreasesquickly whenthenumberof nodes

grows large (greaterthaneight). Meanwhile,every nodesendsthe barrier requestto

the managernodeandwaiting in a queuefor the reply. When the numberof nodes

increasedfrom eightto sixteen,thebarrierwaiting time increasesobviously sincethere
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areeightmorerequestsin thequeue.In thisprogram,SilkRoadalsoachievedspeedups

closeto but a little lessthanTreadMarks,especiallywith largeclusterscale.

EPalsoachievedgoodperformanceontwo, four, eight,andsixteenprocessorscom-

paringto TreadMarks.This shows thatthelow communicationin Embarrassingly Par-

allel resultsin very low communicationoverheadandhighspeedupin SilkRoad.

It canbeseenthattheperformanceof SilkRoadis not significantlyworsethanthat

of TreadMarks.Ontheotherhand,sinceit is morenaturalto solvesomeproblemswith

Divide-and-Conquerparadigm,SilkRoadprovidesusersmorechoicesof paradigmsfor

their parallel programming. In the supportof the paradigmsother than Divide and

Conquer, we noticethat someprograms(for example,Guass)of the newly supported

paradigms(for example,SPMD)getperformancedecreasewhentheclustersizeis big

(i.e. sixteen).Theeffectof reducingnetwork traffic is notobviousontheseapplications

andthis is mainlydueto (1)Therearevery few threadmigrations (for example, for four

nodesonly four threadsspawnedandthey only migratefrom the startingnodeto the

restcomputing nodesandthenbackto the startingnodewhenfinish) andhencevery

few operationsonbackingstore.In comparison,DivideandConquerprogramsusually

producethousandsor morethreadmigrations,sotheeffectof removing backingstoreis

obvious;(2)Thequickly increasedbarrierprocessingoverhead(asexplainedin previous

page).Ontheotherhand,wealsonoticethattheTreadMarksversionof thoseprograms

alsobehavesimilarly (i.e. performancedecreasewith sixteennodes)in ourexperiments,

which impliesnot only theruntime systemmatters,but alsothecharacteristicsof pro-

gramscanaffect theperformancein largeclusters.In summary, theexperimentsshow

that SilkRoadis ableto allow new typesof applicationsto be programmed,which is

our main target. The inefficiency of somenewly supportedprogramswith large clus-
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ter sizeimpliesthat thereductionin messagesmaygeneratenew overheadsandsome

of the implementations needimprovement,so the overall efficiency is not necessarily

improved(i.e. it dependson theprogrammingparadigmusedby theapplications).

Last, the experimentsalsoshow that the extensionof memorymodelin SilkRoad

doesnothurt theloadbalancinginheritedfrom Cilk. With theinheritedmultithreading

anddynamicparallelism,SilkRoadcanachieve goodloadbalancingwith Divide-and-

Conquerparadigm. Table6.8 shows somestatistical datain onetypical execution of

theMatmulexampleand Table6.9shows theresultsof Matmulprogramimplemented

in TreadMarkswith SPMDparadigm.Eventhoughnotall datais directly comparable,

theresultshow SilkRoadgotgoodloadbalanceamongprocessors.

ProcessorNo. Totalwork ReceivedMessages
0 41.04 29851
1 53.35 20824
2 53.94 20616
3 40.95 23079

TOTAL 189.28 94370

Table 6.8: Output of processorload (in seconds)and messagesin one execution of
Matmul( BO�nC�Æ!ø?BO�½C�Æ ) on4 processorsin SilkRoad.

ProcessorNo. messages barrierwaiting time(seconds)

0 7274 1.3
1 3593 1.61
2 3530 0.49
3 5838 0.49

TOTAL 20235 3.89

Table6.9: Somestatistic datain oneexecution of matmul( BO�nC�Æ�øÎBZ�nC�Æ ) on4 processors
in TreadMarks.
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6.4 Conclusion

In this chapter, theperformanceof SilkRoadis evaluatedandanalyzedto show its effi-

ciency. In additiontoCilk’stestprogramswith DivideandConquer, to testtheuserlevel

sharedvirtual memory, someapplicationswith otherparadigmsarealsoselectedfor the

evaluation. Theoverall performanceof SilkRoadandits scalabilitywith problemsize

areexamined.A comparisonbetweenSilkRoadandCilk is presentedin orderto exam-

inetheside-effectsof extendingCilk’sLocationConsistency andto show theefficiency

of Õ5Ô Ö&��× consistency modelin reducingthe network traffic whensolving problems

with Divide-and-Conquerparadigm.For thoseapplicationswith otherparadigms,we

comparedthemwith TreadMarksapplications.

In Chapter4 andChapter5 theideaof removing Cilk’s backingstoreis introduced

andin thischaptertheexperimentalprogrammingwork showsthattheideacanbeused

empirically. Theprogramsin thischapteraremainlyto show theperformance(whichis

morerelevantto our topic),but they alsoshow how theadditionalfacilitiesof SilkRoad

(i.e. globallock andbarriermechanisms)canbeusedin programming.

In summary, our experimental resultsshow thatwith theextendedmemoryconsis-

tency model(i.e. Õ5Ô Ö&�9× consistency), SilkRoadhastheperformancecomparableto

Cilk while reducingthenetwork traffic andsupportingmoreparadigms(usinguser-level

sharedmemory)with fairly goodefficiency.



Chapter 7

Conclusions

Thischaptersummarizesthethesisandoutlinesareaswhichmerit furtherinvestigation.

7.1 Conclusions

In this dissertation, we explored the techniquesto supportmultiple parallelprogram-

mingparadigmstheoreticallyandempirically.

Theoretically, a graph-theoreticalanalysisapproachis presentedin order to ana-

lyze parallelprogramming paradigmsmoregenerically. Underthis framework, several

paradigmsaredefineduniformly basedontheconceptof executioninstancedag.More-

over, it isshownthattheunderlyingmemorymodelof aparallelcomputingsystemplays

animportantrole in supportingmultiple paradigms.

In order to achieve our goal of supporting multiple paradigms,we find the cross

pointof the“orthogonal”Cilk andDSM, which is theunderlyingmemoryconsistency

model. Empirically, it is shown thatextending thememorymodelof oneexisting par-

allel systemis a feasiblewayto supportmoreparadigms.By extendingLC to Õ5Ô Ö&�9× ,
131
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wedevelopedavariantsystemof Cilk, i.e. SilkRoad,to provideuserlevel sharedmem-

ory (with linguisticsupportfor mutual exclusionandglobalsynchronization)andhence

supportmoreprogramming paradigms.The performanceevaluationshowed the effi-

ciency of Õ5Ô Ö&�9× consistency andSilkRoad’s ability to supportmultiple parallelpro-

grammingparadigmswith theutilizationof userlevel sharedmemory. Thecomparison

betweenSilkRoadandCilk showed that SilkRoadachievesgoodoverall performance

while extendingthe memorymodelof Cilk. With the comparisonto Cilk andTread-

Markssystem,weshowedthatSilkRoadsupportswiderparadigmsbasedonCilk, while

at thesametime achievesrathergoodperformance.Moreover, theprogrammability of

Cilk/SilkRoadasa parallelprogramming languageis alsoexamined.Cilk/SilkRoad’s

solutions to variousexamplesshow its effectivenessin parallel programming. With

SilkRoad’sextension,Cilk/SilkRoad’sprogrammability is alsoenhanced.

In summary, ourwork exploredanapproachto supportmoreparadigmsby strength-

eningtheunderlyingmemorymodelof anexistingparallelsystem,andtheperformance

of SilkRoadsystemshowedthefeasibility of thisapproach.

7.2 Futurework

The memoryconsistency model in SilkRoadwas originally inspiredby the needof

extensionsto supportotherkindsof synchronization in Cilk. Õ5Ô Ö=�9× consistency pro-

videstheadditional operationslikeglobalmutualexclusionandsynchronization(which

is actuallytheway it extendstheLC of Cilk), andtheexperimental programsdemon-

stratetheir usein programming with different paradigms. In our work we explored

a way of extendingthe memoryconsistency model,but it is too early to say that the
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synchronization in SilkRoadis very easy-to-useand efficient. Theremay be better

waysfor synchronization. Theefficiency of locksin SilkRoadstill needsimprovement.

Moreover, the efficient supportandmanagementfor producer/consumer-like synchro-

nizationsstill remainto beexplored.

In thefuturethefollowing improvementsareto beachieved:

Otherapproachesto extendLC. In SilkRoad,we introducethe semanticsof lazy

releaseconsistency. It is alsopossible to usesomeotherwaysto extendLC. For ex-

ample,introducingthe semanticsof the scopeconsistency, etc. A “lazy” style policy

without “home” is usedto achieve lessnetwork traffic. However, otherapproachesare

alsoworthexploring.

In SMP systemsor othercentralizedenvironments, Cilk mainly supportsDivide-

and-Conquerparadigm.Sincesharedvariablesarealreadyusedin Cilk (theSMPver-

sion),it shouldbeeasierto write Cilk programswith otherparadigms.It canbeexam-

inedto find outwhataretheconcreterequirements(atbothruntimelevel anduserlevel)

for supporting multipleparadigmsbasedonDivide-and-Conquer.

Besidesproviding userlevel sharedmemory, are thereotherways to enlarge the

supportedparadigms?Thisdependsontheparticularparadigmsandmorefurtherstudy

work is needed.Evenfor theuserlevel sharedmemory, besideslock andbarriermech-

anisms,how to implementothermechanismssothatamorepowerful parallelprogram-

mingsystemcanbeprovidedalsoneedsto befiguredout.

SilkRoadis still in experimentalstageandmoreapplicationsare to be developed

with variousparadigms.Besidesthe benchmarkingprogramsusedin this thesis,the

applicationssolvingrealproblemsarestill neededto testthesystem.

Supportingmultiple parallelprogrammingparadigmsis in demandbut the theory
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andtechnologyarenot readyto bewidely acceptedandused.SilkRoadshowsapracti-

calapproachin thisfield,but it is farfrom completeandmature.Meanwhile,thecurrent

implementationcanbefurtheroptimizedto achievebetterperformance.
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