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A parallelprogramis usuallywrittenusingeitherdataparallelismor taskparallelism.

With dataparallelism, eachprocessorexecutesthe samecodebut operateson different

data,whereasin taskparallelismtheprogramis dividedinto tasks,andeachtaskis exe-

cutedon a separateprocessor. Taskanddataparallelismhave complementarystrengths

that areappropriatefor differentproblems. However, someprogramscanbenefitfrom

their integration.

Onekey problemwith an integratedapproachis the processorassignment problem,

which is how to assignthe differentprocessorsto tasks. Determininga goodprocessor

assignmentis complex andoftenrequiressignificantexperimentation. Wehavedeveloped

a tool calledTAP for executingintegratedparallelprogramswith userdefinedprocessor

assignments. This thesisdescribestheuserinterfaceandimplementationdetailsof TAP.

We alsodiscusshow theframework wasusedto studythebehavior of PHOENIX, a sci-

entificstellaratmosphericcode.
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CHAPTER 1

INTRODUCTION

Many applicationssuch as weatherprediction and aerodynamicsare computationally

intensive andrequirevastamountsof processingpower. For example,to calculatea 24

hour weatherforecastfor the UK requiresabout ������� operationsto be performed.This

takesabout2.7hoursonaCray-1(capableof ���	� operationspersecond).For givingaccu-

rate long rangeforecastsmorepowerful processorsareneeded.Thoughthe processing

power of the machineshasbeenincreasingevery year, it will still not be able to meet

therequirementsof someapplications.Onesolutionis to useparallelism, which means

simultaneouslyrunningthe application on many processorsandreducethecomputation

time. This requiresnew algorithmsandprogramstructuresto performoperationssimul-

taneously, becausemostexisting algorithms arespecializedfor a singleprocessor. Con-

currency, ability to executeinstructionssimultaneously on differentprocessors,becomes

a fundamentalrequirementfor parallelalgorithms.

Thefirst stepin developingthesealgorithmsis to develop a parallelmachinemodel,

similar to theexisting singlemachinemodelcomprisingof a CPUandmemory[6]. Dif-

ferentmodelshadbeenproposedfor theparallelmachine,thesignificantonesbeingthe

SingleInstructionMultipleData(SIMD) andMultiple InstructionMultiple Data(MIMD).

In SIMD machines,all processorsexecutethesameinstructionstreamonadifferentpiece

of data.MIMD machinesexecuteaseparatestreamof instructionson their localdata.

Oncethemodelis chosen,communication channelsbetweendifferentprocessorsneed

to besetup for exchangeof data.Thecommunication channelsareusuallyimplemented
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by usingshared memoryor message passing. In the sharedmemoryapproachthereis

global addressspace,which is accessibleto all the processors;in messagepassingthe

memory is distributed and the processorsare connectedby a network for exchanging

messages.In additionto the extremecasesof sharedmemoryanddistributedmemory

therearepossibilities for hybrid designsthatcombinefeaturesof both.

A parallelcomputation consists of oneor moretasks.Taskscanbemappedto phys-

ical processorsin variousways;themappingemployeddoesnot affect thesemanticsof

a program.In particular, multiple taskscanbemappedto a singleprocessor. Themap-

ping of the tasksto processorsrequiresa carefuldesignbasedon the computation and

communication involved in the program. Thereare two approachesfor how the map-

ping to processorsis done. In thefirst one,we write a single programandexecuteit on

many processors,with eachprocessorworkingonapieceof data.Thisapproachis called

dataparallelismor SPMD (SingleProgramMultiple Data). The secondideais to write

multiple programs,whereeachoneis responsiblefor a specialtask.Thesedifferentpro-

gramsarethenexecutedin parallel.Wealsocall thisapproachtaskparallelismor MPMD

(Multiple ProgramMultipleData).

Taskanddataparallelismareoftenconsideredmutually exclusive approachesto par-

allel programming. For many applications, achieving goodperformancefor a parallel

programrequiresexploiting bothdataparallelismaswell astaskparallelism.Depending

on thesizeof the input datasetandthenumberof processors,theapplication is divided

into asetof dataparalleltasks,whichcanbeexecutedconcurrentlyon.

This project focuseson integratedtaskanddataparallelprograms.They consistof

a collectionof tasks,someof which areindependent;additionally, sometasksarethem-

selvesparallel.A goodprocessorassignment, which is a mappingof eachtaskontoa set

of processors,is crucial for parallelprogramperformance.Thegoalof this projectis to

exploreeffective processorassignmentsin suchprograms,taking into accountcomputa-

tion time, thememoryhierarchy, andcommunication constraints.We developeda simu-
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lation environmentfor testingdifferentprocessorassignments for a parallelprogram.In

this thesiswe describehow the framework canbe utilizedfor studyingthe behavior of

syntheticparallelprogramsandalsopresentresultsto show the behavior of a scientific

applicationcalledPHOENIX.Thelatterprogramis out of core, meaningthat its dataset

doesnotfit in theaggregatememoryof all processors.

In thefollowing sectionswe describetheTAP (Tool for AssigningProcessors)which

isusedfor testingdifferentprocessorassignmentsonparallelprograms.Thepaperisorga-

nizedasfollows. Chapter2 givesthefundamentalmotivation for developing theemulator

and introducesan exampleparallel program,which is re-usedthroughout the paperto

illustratehow theemulatorcanbeused.Chapter3 givestheuserinterfaceandtheimple-

mentationdetailsfor usingtheemulator. Chapter4 givesresultsthatareobtainedby using

theemulatorprogramontheexampleprogramandascientificapplicationPHOENIX.For

theexampleprogram,wegotupto 60%improvementin performanceby usingintegrated

approachwhencomparedto dataparallelism. Using our horizontalexecutionapproach

wegotuptoseven-fold improvementtestingasyntheticPHOENIXapplication. Chapter5

describestherelatedwork, andweconcludeanddiscussfuturework in Chapter6.



CHAPTER 2

OVERVIEW

Thissectiondiscusseshow TAP canbeusedfor testingdifferentprocessorassignments in

parallelprogrammingdesign.Section2.1explains taskanddataparallelism. Section2.2

explainstheapplicationof theemulator.

2.1 TASK AND DATA PARALLELISM

One key part of parallel programdesignis the partitioning stageas was explained by

Foster[6], wherethe executionis dividedinto smallerpartsto be executedon different

processors.A small portion of the programwhich canbe independentlyexecutedon a

processoris calleda task. A parallelprogramis usuallypartitionedinto tasksto expose

opportunities for parallelexecution. Hence,the focusis on defininga large numberof

small tasksin orderto yield what is termeda fine-graindecomposition of a problem. In

laterdesignstages,evaluationof communication requirements,thetargetarchitecture,or

software engineeringissuesmay lead us to forego opportunities for parallel execution

identifiedat this stage. We then revisit the original partition andagglomeratetasksto

increasetheirgranularity. A goodpartitiondividesinto smallpiecesboththecomputation

associatedwith a problemandthe dataon which this computation operates.Whenthe

focusis on thedataassociatedwith aproblem,thetechniqueis termeddomaindecompo-

sition. Thealternative approach,wherethefocusis on thecomputation to beperformed,

is termedfunctionaldecomposition.

4
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Data parallelism usesdomain decomposition for achieving parallelism. In this

approachto problempartitioning, we seekfirst to decomposethedataassociatedwith a

problem.If possible, we dividethesedatainto smallpiecesof approximatelyequalsize.

Next, we partitionthecomputation that is to beperformed,typically by associatingeach

operationwith thedataon which it operates.This partitioningyieldsa numberof tasks,

eachcomprisingsomedataandasetof operationsonthatdata.An operationmayrequire

datafrom several tasks. In this case,communication is requiredto move databetween

tasks.

Figure2.1 gives an exampleof a parallelprogramdivided into differenttasks. The

orderof execution of tasksdependson thedependencegraph.An examplecodefragment

is shown in Figure2.2. Table2.1 givestheprocessorassignmentwith 4 processors.The

dataandcomputation aredistributedequallyamongthe processorsfor achieving good

performance.Figure2.3 gives the modifiedcodefor eachprocessor. Dataparallelism

givesgoodperformancewhenthecomputation is regularbut hasthedisadvantagethat it

doesnotscalewell beyondacertainpoint.

Tasks Processor
T1, T2, T3, T4 1
T1, T2, T3, T4 2
T1, T2, T3, T4 3
T1, T2, T3, T4 4

Table2.1: Processorassignmentwith dataparallelism.Eachprocessorworkson all the
tasks.

Taskparallelismis achievedby functionaldecomposition. Thisapproachrepresentsa

differentandcomplementarywayof thinkingaboutproblems.In thisapproach,theinitial

focusis on thecomputationthat is to be performedratherthanon the datamanipulated

by thecomputation. If we aresuccessfulin dividing this computation into disjoint tasks,

we proceedto examine the datarequirementsof thesetasks. Thesedatarequirements

may be disjoint, in which casethe partition is complete.In the caseof taskparallelism
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T1 T2

T3 T4

T5

T6 T7

Figure2.1: SampleTaskGraph.A taskis eligibleto runwhenall of its predecessorshave
completed.

the tasksareassignedto run on differentprocessors.For the taskdependency graphin

Figure2.1,asampleprocessorassignmentis givenin Table2.2.Puretaskparallelismhas

thedisadvantagethatit cannotexploit thedataparallelisminvolvedin eachtask.

Integratingtaskanddataparallelismmayprovidebetterperformancein certaincases.

The programis divided into tasksusing functionaldecomposition anda setof proces-

sorsareassignedto eachtask. Dataparallelismin eachtaskcanbe appliedfor domain

decomposition. Theintegratedapproachtriesto getthebestof boththedomainandfunc-

tional decomposition. A lot of researchis beingdoneto effectively useboth the forms

of decomposition to get theproperassignmentof differentnumberof processorsfor the
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T()
{
// F() works on X, Y and produces Z
Z = F ( X, Y );

}

Figure2.2: Samplecodefor a taskin Figure2.1.

T()
{
// F() works on X’, Y’ and pro-

duces Z’
// X’, Y’, Z’ are pieces of X, Y and Z
Z’ = F ( X’, Y’ );

}

Figure2.3: Codefor eachprocessorusingdataparallelism.Thepiecesof X, Y andZ are
independentfor eachprocessor.

given parallelprogram. This projectaddressestheseclassof programsanddevelops a

testingframework to find aneffectiveprocessorassignment.

2.2 PROCESSOR ASSIGNMENT

Processorassignmentin a taskanddataparallelprogramrequirescomplex analysisand

requirestest runs to get the optimal assignment. This could involve considerabletime

spentfor gettingan efficient assignment. In the caseof large parallelprogramswhose

executionmay take a few days,this may not be feasible. Figure2.1 givesa taskgraph

for a parallel programwith complex task dependencies.The processorassignmentin

thesetypeof complex graphsbecomesquitedifficult becauseof thedifferentconstraints



8

Tasks Processor
T1, T3 1
T2 2
T4, T7 3
T5, T6 4

Table2.2: Sampleprocessorassignmentfor taskparallelism

involved. The computation involved in the task,the amountof memoryutilized by the

task, and its dependencieswith other tasksinfluencethe assignment. Determiningan

optimalor eveneffectiveassignmentbecomesquitedifficult.

Theprojectaddressesthis issueby developing a testing framework usedfor running

a parallel programwith different processorassignments. TAP is an emulatortool for

running a part of the applicationor even a scaled-down versionof the actualparallel

program.Theresultscanbeextrapolatedto identify effectiveprocessorassignments.

For example,consideraparallelprogramwith dependency graphin Figure2.1,whose

tasksT3, T4, T5 have the computation shown in Figure2.4. The getInputandenable-

Outputdependon the taskdependenciesof eachtask. For example,T3 receives input

from tasksT1, T2 beforeit startsexecuting. T4 hasno predecessor, ascanbeseenfrom

the taskdependency graphin Figure2.1. The taskT5 collectsthe resultsfrom T3, T4

for its computation.In many cases,thesetasksutilize largeamountsof memoryto store

arrays.Eachof thesetasksaredataparallel,whichmakethemgoodcandidatesfor domain

decomposition. Figure2.5givesthemodifiedcodefor thecomputation involved in each

processor.

Therestof thetaskswork onsmallerdatasetsandarelesscomputationally intensive.

Hencethe performanceof tasksT3, T4, T5 determinethe overall performanceof the
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T3()
{
getInput(T1, T2);

XC = F ( XA, XB );

enableOutput(T5);
}
T4()
{
XF = F ( XD, XE );

enableOutput(T5);
}
T5()
{
getInput(T3, T4);

XG = F ( XC, XF );

enableOutput(T6, T7);
}

Figure2.4: Examplepseudocodefor tasksshown in Figure2.1. TasksT3, T4 andT5
work on differentdatasets.T4 doesnot have any predecessorandhencedoesnot have a
getInputfunction.

application.So it may be usefulto studythe performanceof thesetasksindependently.

For thedependency graphin Figure2.1,if weareinterestedin seeingtheperformanceof

tasksT3, T4, T5, we canusetheemulatorto run theprogramwith thesetasks,resulting

in a new taskgraphasrepresentedin Figure2.6. Differentprocessorassignmentscan

betestedon thesetasksto geta goodperformanceestimate.Theresultscanbeusedfor

determininga processorassignmentfor theoriginalapplication.
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compute(start, end)
{
for i = start to end

Z = F ( X[start:end], Y[start:end]);
}

Figure2.5: Samplecodefor a taskonasingleprocessorwith dataparallelismfor thetask
graphshown in Figure2.1.Eachprocessorworksonapieceof dataof all tasks.

In thecasewhentheemulatoris usedto runa few tasksinsteadof thewholeprogram,

the userneedsto modify the applicationsuchthat the the taskscanrun without having

to executeotherpredecessortasks. An exampleof this might be a casewherethe task

T3 requiresthe resultof the executionof tasksT1 andT2. This situation needsto be

simulatedby theusersothatT3, T4 andT5 canrun independently.

Theamountof datainvolved in eachtaskcanbescaleddown to makeit suitableto run

theprogramonaparticularmachine.Scientificparallelprogramsoftenwork ongigabytes

or terabytesof dataandmaybeusinghundredsof machinesduringtheir final runs. But

it maybe a goodideato scaledown theapplicationto run on a few workstationsto get

initial results. For the exampleshown above, the tasksT3, T4, T5, canbe modifiedto

work onsmallerarraysizessuitablefor thetestenvironment.

In the next sectionwe explain how TAP canbe usedfor testingdifferentprocessor

assignments. We will discussthe userinterfaceand the implementation detailsof the

emulatorfor runningparallelprograms.
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T3

T5

T4 T3

T5

T4

T1 T2

T6 T7

Figure2.6: Tasksubgraph.Modified taskgraphwith tasksT3, T4 andT5 of Figure2.1
beingconsideredfor performancestudy.



CHAPTER 3

IMPLEMENTATION

Theemulatoris a testingframework usedfor performanceanalysisof a parallelprogram

thatcontainsbothtaskanddataparallelismandspecificallyexamineshow differentpro-

cessorassignmentsaffect theperformanceof aparallelprogram.In thefollowing sections

wewill describewhattheemulatordoes,its userinterfaceandtheimplementationdetails.

3.1 EMULATOR FRAMEWORK

Theemulatorcanbe usedfor runninga scaled-down versionof a parallelprogramwith

differentprocessorassignments. This maynot beableto give anexactperformancepic-

ture of an application,but givesgoodestimatesof the behavior of the application. The

resultscanbeusedto determinethebestpossible configurationof theavailableprocessors

for runningaparallelprogramefficiently.

Theemulatorrequiresthefollowing astheinput from theuser.

1. TaskList - thelist of tasksin theprogram.

2. TaskDependencies- theorderof executionof thetasks.

3. ProcessorConfiguration - list of processorsassignedfor eachtask.

Fromthe information provided, theemulatorrunsthe tasksin theorderspecifiedby

the useron the processorsassignedto that task. The emulatorcanbe usedfor running

programswith a singlegraphasin Figure2.1. It canalsobeusedwhena singlegraphis

replicatedasin PHOENIX,explainedin Section3.3.

12
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3.2 SINGLE GRAPH IMPLEMENTATION

Theemulatorrunstheparallelprogramwith a userspecifiedprocessorassignment. The

differentstepsinvolved for using the emulatorandmodifying the parallelprogramare

summarizedbelow.

1. Identify thetasksin theparallelprogram.

2. Identify theportionof theparallelprogramcodeto betestedwith theemulator.

3. Scaledown theparallelprogramfor thetestenvironmentif required.

4. Specifythetaskdependenciesandtheprocessorassignment.

5. Modify theparallelprogramto runalongwith theemulator. Thisrequiresanunder-

standingof theemulatorcode.

Thefirst threestepsareexplainedin Section3.2.1,while the last two arecoveredin

Section3.2.2.

3.2.1 USER INTERFACE

The emulatorprogramrequiresvery few modificationsfor running parallel programs.

With a goodunderstanding of the emulatorcode,it canbe modified quite easilyto suit

mostapplicationswith regularexecution paths.Thefollowing sectionsdescribehow the

userneedsto provide informationto the emulatoraboutthe taskdependenciesandthe

processorassignment.

TASK LIST AND DEPENDENCIES

Its thejob of theuserto identify thetasksandprovidea mappingbetweenthetasklist in

thefile andthe tasksin theprogram.Themappingneedsto be codedinto theemulator

programasin theFigure3.1for tasksT3, T4, T5 shown in Figure2.6.
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taskId = 3; // Used for assigning Task ID’s
taskVector[taskId++] = T3();
taskVector[taskId++] = T4();
taskVector[taskId++] = T5();

Figure3.1: Codedescribingthemappingbetweentasklist in thefile andthetasksin the
program.

ThetaskVector is anarrayof functionpointersfor eachtaskin theprogram.Theemu-

lator usesthe taskIdprovidedfrom theinput taskdependency file to executea particular

task.As wecanseefrom thecodeabove,thetasksT3,T4,T5 havetaskId’s3,4, 5 respec-

tively. Thetaskdependenciesareprovidedto theemulatorthrougha specificationfile. A

sampleformatof thespecificationfile for themodifiedtaskgraphof Figure2.6 is given

in Table3.1.Themainpurposeof thetaskgraphis to providerun-time informationabout

theorderof executionof tasksto theemulator.

TaskCode NumPrev PrevTasks NumNext NextTasks
3 0 1 5
4 0 1 5
5 2 3 4 0

Table3.1: TaskDependency GraphRepresentationin TAP. TaskCodeidentifiesthetask,
NumPrev is the numberof previous tasks,andPrevTasksgives the list of the previous
tasks.NumNext is thenumberof tasksafter theparticulartask,andNextTasksgives the
list of next tasks.

PROCESSOR ASSIGNMENT

Thedifferentprocessorassignments to eachof thetasksneedsto begivento theemulator

programfrom afile in theformatspecifiedin Table3.2.Theprocessorassignmentshown
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in Table3.2executesall thetaskson a single processor. Theexampleshown is a simple

one,but complex processorassignments,basedon thecomputationandcommunication

involved in eachtaskcanalsobespecified,seeTable3.3.

TaskCode NumProcs ProcList
3 1 0
4 1 0
5 1 0

Table 3.2: Sampleprocessorassignmentin TAP. TaskCodeidentifies the task, and
NumProcs is the numberof processorsto be run on. ProcList gives the ranksfor pro-
cessorsused;MPI assignsranksto theprocessorsthatareusedfor runningtheprogram.

TaskCode NumProcs ProcList
3 3 0 1 2
4 1 3
5 2 4 5

Table3.3: Sampleprocessorassignmentin TAP for tasksT3, T4 andT5 in Figure2.6.

3.2.2 IMPLEMENTATION

Thetaskgraphandtheprocessorassignmentis storedin a datastructurein theemulator

codeandis replicatedamongprocessorsrunningtheparallelprogramming code.Thedata

structureis shown in Figure3.2. It is initializedbasedon thetaskdependenciesandpro-

cessorassignmentprovidedby theuserthroughthespecificationfiles. Theemulatoruses

the informationto schedulethe taskson differentprocessors.As explainedin the Sec-

tion 3.2.1,the taskId, which identifiesthetask,is usedto index into thearrayof function

pointersto executethetask.

The emulatorexecutesthe tasksdependingon the taskdependencies.For thespeci-

fication in Figure2.6, T3 andT4 areexecutedbeforeT5. Sincethereis no dependency

betweenT3 andT4, they areexecutedin parallel. If they areboth runningon thesame

processor, eitherorderingis legal. For the processorassignmentin Table3.2, T3 runs

beforeT4.
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Previous Task List

EMPTY - NO PREV TASKS

 T3

Function Pointer Array

Next Task List

5

2
3
4
5

. . . . . .

taskList

taskId (3)

groupLeader (0)

groupSize (3)

prevTaskCount (0)

prevTasks

nextTaskCount (1)

nextTasks

Figure3.2: List of taskson a processor. Linked list usedto storethe list of taskson a
processor. Thevaluesgiven arefor taskT3 whosetaskIdis 3, is executedon3 processors,
processor0 beingchosenasthe groupleader. The taskhasno previous tasksandhasa
successortaskT5.
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When a task is scheduledon a list of processors,a processoris designatedas the

groupleader. Thetaskscommunicatewith eachotherfor signaling thestartandendof a

particulartaskthroughthegroupleaders.Thesamplepseudocodein Figure3.3explains

how theusercodeismodifiedsothatit canrunalongwith theemulatorfor thedependency

graphof Figure2.6andprocessorconfigurationin Table3.3.

T()
{

if(myrank == group leader) {
for each t = predecessor task {

G = group leader of t;
receive(G, "go");

}
distribute data to group;

} else {
receive data from group leader;

}

set start and end;

compute(start, end); // data parallelism (See ’Overview’ Chapter)

if(myrank == groupleader) {
for each processor in group {

receive results;
}

for each t = successor task {
G = groupleader of t;
send(G, "go");

}
} else {
send results to groupleader;

}
}

Figure3.3: Modifiedusercodefor a task.
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Theemulatorprovidesto theparallelprogramtheglobaldatastructuresthatwereallo-

catedfrom theuserinput. Theprocessorlist for eachtaskis usedin distributing thedata

andcomputation amongthe processorsassignedto the task. The groupleaderfor each

tasktakescareof distributing dataat synchronizationpointsandalsocommunicateswith

leadersof othertasks.As we canseefrom thepseudocodespecifiedabove, thenumber

of changesis relatively small. Themodificationsfor thetasksaresimilar irrespective of

whatthetaskdoes.

3.3 MULTIPLE GRAPH IMPLEMENTATION

The basicemulatorframework explainedabove can be usedonly for running parallel

programswith a single task graphas in Figure 2.6. More featureswere addedto the

emulatorto run parallelprogramswith a taskgraphas in Figure3.4. For the example

parallelprogramchosen(PHOENIX explained in Section4.2 hassimilar characteristic)

with taskdependency shown in Figure3.4,thetasksT3’, T3”, andT3”’ arerelatedto T3

becausethey work onthesamearraysA, B andC but performdifferentcomputation. The

tasksT3’, T3” andT3”’ arecalledinstancesof T3 becausethey areindependentbut read

thesamedataset.Similarly T4’, T4”, T4”’ andT5’, T5”, T5”’ areinstancesof T4 andT5

respectively. A samplecomputationcodefor instancesof T3 is given in Figure3.5.

T3 T4

T5

T3’ T4’

T5’

T3’’ T4’’

T5’’

T3’’’ T4’’’

T5’’’

Figure3.4: TaskGraphWith Replication

In the taskgraphgiven in Figure3.4, it may be useful to divide the replicasamong

theprocessorsdependingon datalocality of the tasksin eachreplica. Theemulatorcan
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computeT3(start, end)
{
input A[start:end], B[start:end];
output C[start:end];

getInput(T1, T2);

C = F ( A, B );

enableOutput(T5);
}
computeT3’(start, end)
{
input A[start:end], B[start:end];
output C[start:end];

getInput(T1, T2);

C = F’ ( A, B );

enableOutput(T5);
}

Figure3.5: Examplecodefor instancesof T3 shown in Figure2.6. NotethatT3 andT3’
readthesamedataset.

beusedto run thetasksbasedon thesecharacteristics.Two factorsneedto betakeninto

considerationin thiscase.

1. For the example chosen,tasksT3, T3’, T3”, T3”’ work on thesamedataset,and

executing thosetasksserially canexploit datalocality. This will be useful if the

amountof datainvolvedin eachtaskis large.Executing thetasksT3, T4, T5 in the
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serialordermight resultin thedatausedby T3 beingevictedby the time the task

T3’ startsexecuting, resultingin disk reads.

2. However, instancesof T3 mayproducelarge amounts of datafor instancesof T5.

Executingall instancesof T3 might evict the dataproducedandhenceresultsin

morediskaccesseswhile executingT5.

We definea blocking factor to denotetheorderof execution of tasksin parallelpro-

gramswith replicasas in Figure 3.4. A blocking factor of b implies that we execute

b numberof instancesbeforeexecutinganothersetof tasks. For the example given in

Figure3.4, if we areto executeall T3’s, thenall T4’s andthenT5’s, theblockingfactor

is 4. Executingthe tasksT3, T4, T5, T3’, T4’, T5’, etc., in thatorderis blocking factor

of 1. The Figure3.6 displaysdifferentblocking factorsfor the taskgraphin Figure3.4

andalsogivesapossible taskexecution order. As wecanseefrom thefiguretheblocking

factordeterminesthepointatwhich thedottedline is placedin thefigure.Thedottedline

is likea fence, all thetaskson theleft of it needto beexecutedbeforecrossingit.

We extendedemulatorfor runningparallelprogramswith replicaswith differentpos-

sibleblockingfactorsvalues.In thefollowing sections,wedescribehow theuserinterface

andtheimplementation is extendedfor runningthisclassof programs.

3.3.1 USER INTERFACE

Theuserinterfacespecifiedin Section3.2.1is modifiedto representproblemssimilar to

theonesdescribedin Figure3.4.

TASK LIST AND DEPENDENCIES

Thetasklist anddependenciesremainthesameasin thebasicemulatorsetup. Thetasks

T3 andtherelatedtaskswhichwork on thesamedatasetaregiventhesametaskId.They

aredistinguishedby thereplicanumberasshown in Figure3.7.
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T3 T4

T5

T3’ T4’

T5’

T3’’

T5’’

T4’’ T3’’’ T4’’’

T5’’’

T3 T4

T5

T3’ T4’

T5’

T3’’

T5’’

T4’’ T3’’’ T4’’’

T5’’’

T3 T4

T5

T3’ T4’

T5’

T3’’

T5’’

T4’’ T3’’’ T4’’’

T5’’’

Blocking Factor = 1

Task Execution order : T3, T3’, T3’’, T3’’’, T4, T4’, T4’’, T4’’’,T5, T5’, T5’’, T5’’’

Blocking Factor = 4

Task Execution order : T3, T3’, T4, T4’, T5, T5’, T3’’, T3’’’, T4’’, T4’’’, T5’’, T5’’’

Blocking Factor = 2

Task Execution order : T3, T4, T5, T3’, T4’, T5’, T3’’, T4’’, T5’’, T3’’’, T4’’’, T5’’’

Figure3.6: Exampledescribingblockingfactorappliedto taskgraphshown in Figure3.4.
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replicaNum = 0;

taskId = 3;
taskVector[replicaNum][taskId] = T3();
taskVector[replicaNum][taskId++] = T4();
taskVector[replicaNum][taskId++] = T5();

taskId = 3;
replicaNum++;
taskVector[replicaNum][taskId] = T3’();
taskVector[replicaNum][taskId++] = T4’();
taskVector[replicaNum][taskId++] = T5’();

Figure3.7: Codedescribingthemappingbetweentasklist in thefile andthetasksin the
program.

PROCESSOR ASSIGNMENT

The specificationfile hasan extra field to specifywhetherto executethe tasksin serial

orderor to executetheinstances.Theblocking factoris given asacommandline option to

theprogram.Dependingonits value,theemulatordeterminesthefencesin thetaskgraph

asexplainedin Section3.3. Table3.4givesanexample of how theprocessorassignment

for a taskgraphgivenin Figure3.4,is specified.

Mode TaskCode NumProcs ProcList
A 3 2 0 1
D 4 2 2 3
D 5 3 1 2 3

Table3.4: ProcessorAssignment for taskgraphin Figure3.4. Mode is usedfor deter-
mining the orderof tasks,TaskCodeidentifiesthe taskandNumProcs is the numberof
processorsto be run on. ProcList gives ranksfor processorsused,MPI takes careof
assigningranksto theprocessorsthatareusedfor runningtheprogram.
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The Modecolumnis usedto determinethe orderof execution of tasksbetweentwo

fencesin thetaskgraph.Therearetwo differentmodesasexplainedbelow.

1. If the Mode is ’A’, all the instancesbetweenthe fenceswith the given taskIdare

executed.Assumingthattheblockingfactoris 2, for theexamplein Table3.4,tasks

with taskId=0 andreplicanumberbetween0 and1 areexecutedfirst. Hence,tasks

T3 andT3’ areexecutedbeforeexecuting T4.

2. If the Mode is ’D’, all the tasksareexecutedin serialorder. For the examplein

Table3.4, the last2 entrieshave a ’D’ for Mode. So taskswith ID’s 1 and2, and

replicanumbersbetween0 and1, areexecutedserially, yieldinganexecution order

of T4, T5, T4’ andT5’.

Theorderof executionof tasksbasedonthetaskgraphof Figure3.4,processorassign-

mentof Table3.4 anda blocking factorof 2 is given in Figure3.8. Thenew setup can

beusedfor runningaprogramthatdoesnothaveany replicasby justsettingthestartand

endingreplicanumberas0 andModeas’D’. Theapproachcanbeusedfor any regular

graphasin Figure3.4.

T3 T3’ T4 T5 T4’ T5’ T3” T3”’ T4” T5” T4”’ T5”’

Figure3.8: Taskexecutionorderfor the tasksin Figure3.4 with a processorassignment
in Table3.4.

3.3.2 IMPLEMENTATION DETAILS

Theusermusthardcodeall thetaskswith thereplicanumberandthetaskIdasshown in

Section3.3.1. The structurespecifiedin Figure3.2, is modifiedto Figure3.9, to store

informationaboutthe replicas. Threeextra fields, direction, startReplandendReplare

addedto thedatastructure.Basedon thevalueof blockingfactor, startReplandendRepl

aresetto thestartandtheendingreplicanumbersbetweentwo fences.



24

 

Previous Task List

EMPTY - NO PREV TASKS

 T3

Next Task List

5

2
3
4
5

. . . . . .

taskList

taskId (3)

groupLeader (0)

groupSize (3)

prevTaskCount (0)

prevTasks

nextTaskCount (1)

nextTasks

direction (A)

startRepl (2)

endRepl (3)

Function Pointer Array

Figure3.9: List of tasksonaprocessor. Modified tasklist structurefor handling replicas.
The valuesshown arefor executing the T3” andT3”’, which areinstancesof T3, on 3
processors.
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The linkedlist specifiestheorderin which thetasksareexecuted.Theemulatortra-

versesthis linkedlist, executingthetasks.If it encountersa taskwith a directionparam-

eterof ’D’, it executesall subsequenttasksuntil eitheran ’A’ in encounteredor the last

replicais executed.Thedirectionof ’A’ signifiesanexecution of theinstancesin thelist

of replicasspecifiedby thestartReplandendRepl.

For example,for theprocessorassignmentin Table3.4for thetaskgraphin Figure3.6

anda blocking factorof 2, a compressedversionof the linked list is given in Table3.5.

Thefirst elementin thelinkedlist is taskT3 andhasthedirectionfield ’A’. Hence,tasks

T3 andT3’ areexecutedfirst. Whentheemulatorseesataskwith thedirectionfield of ’D’

for anelement,it executesthe taskinstancewith the replicanumber givenby startRepl,

andrepeatsthis for successorelementsin thelist with thedirectionfield of ’D’. Whenit

finishesexecuting all instanceswith replicanumberof startRepl, it repeatstheprocedure

for theremainingvaluesof betweenstartRepl andendRepl. In the list of Figure3.5, the

emulatorexecutestasksT4, T5, T4’ andT5’ in that order. The startReplandendRepl

valuesaresetby theTAP basedontheblocking factor, sotheorderof execution is strictly

enforced.

   

Mode  TaskCode    NumProcs    ProcList     startRepl      endRepl

A              3                  2           0     1                  0                  1     

 D               4                  2           2     3                  0                  1

 D               5                  3           1     2     3           0                  1

Table3.5: Tasklist generatedby TAP. Linkedlist specifiestheorderof executionof the
tasks.



CHAPTER 4

PERFORMANCE

This sectionpresentsexperimentalresultsusing TAP for finding effective processor

assignments in parallelprograms.In thefirst sectionwe presenttheresultsof testingthe

performanceof out-of-coreprograms,wherethedatausedby theprogramdoesnot fit in

memory, with the taskgraphgiven in Figure2.6. The next sectiondiscusseshow TAP

wasusedfor studyingthebehavior of PHOENIX,ascientificparallelprogram.

Theexperimentalenvironmentusedis a network of SunSolarisUltra-5 workstations

connectedby a 100Mbps LAN with 128MB RAM and 330MB swap spaceon each

machine. However the actualamountof memoryavailable to applicationsis lessthan

90MB, becausethe rest is usedby the operatingsystem.The only applicationthat was

runningon theworkstations duringexperimentswastheprogrambeingtested.

4.1 OUT OF CORE TESTS

Theamountof dataeachtaskworkson influencestheperformanceof theapplication.If

a taskbecomesout of core,performancetendsto degradesignificantly. Allocating extra

processorsto dataintensivetasksmayresultin betterperformance.In thissectionwewill

examineout-of-coretaskbehavior throughseveralexperiments.

4.1.1 SINGLE TASK TEST

For this testwe parallelizedthedataparallelcodefor taskT3 of Figure4.1(which is the

sameasFigure2.6but reprintedherefor convenience)givenin Figure4.2. Theprogram

26



27

performsanarrayaddition. Thisprogramwastestedwith differentprocessorassignments

while increasingthe sizeof arraysusedfor eachtest. The table in Table4.1 givesthe

performanceresults; the first columnshows the result of running the programon five

processors,andthesecondcolumnfor tenprocessors.

T3 T4

T5

Figure4.1: Taskgraphfor testing theperformanceof aparallelprogramwhenit becomes
outof core.

T()
{
// Simple array addition
for i = 0 to loopCount

A = B + C + D + E;
}

Figure4.2: Sampledataparallelcodeusedfor testingout-of-corebehavior.

NumProcs
5 10 Improvement

DataSize(MB) Time(s) Time(s) %
90 139 84 40
360 562 316 44
440 842 515 39
540 25809 1278 96

Table4.1: Out Of Coretest. Resultsshown aretheexecutiontime runningtheprogram
on 5 processorand10 processors.DataSizeis thetotalmemoryusedby all arraysin the
program.

As canbe seenfrom the resultsin Table4.1, the improvementis about40% for the

first threetests.For the fourth test,thedatawill not fit in theaggregatememoryof five
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processors,resulting in poor performance.Doubling the numberof processorgives a

20 fold improvementfor this test,becausethe datafits in the aggregatememoryof ten

processors.Assigningextraprocessorsto adataintensive tasklikeT3 will likely resultin

betterperformance.For example,with theinitial processorassignmentin Table4.2,if the

taskT3 becomesoutof core,assigningfour processorsto T3 andjustoneprocessorto T4

will likely givebetterperformance.

TaskCode NumProcs ProcList
3 3 0 1 2
4 2 3 4
5 3 1 2 3

Table4.2: SampleprocessorAssignmentfor thetaskgraphin Figure4.1

4.1.2 THREE TASK TEST

As wehavementionedin Section1, dataparallelismdoesnotscalewell beyondacertain

point, and henceassigningmore processorsto a certaintaskmay not always improve

performance.Considerthe taskgraphin Figure4.1. TasksT3, T4 andT5 arerun with

two differentprocessorconfigurationsshown in Table4.3andTable4.4. Table4.5 gives

theresultsobtainedfrom thetests.

Task ProcessrList
T3 0, 1, 2, 3
T4 4, 5, 6, 7
T5 0. 1, 2, 3, 4, 5, 6, 7

Table4.3: TaskandDataparallelism. In this configurationthe tasksT3, T4 executed
by differentsetof processorsandoncethosetasksaredone,all processorsareusedfor
runningT5.

Theresultsshow thatusingfew processorsatsmallerdatasizesis useful.Thecommu-

nicationoverheadfor a parallelprogramincreasesaswe increasethenumberof proces-

sors.This compensatesfor thegainin performanceobtainedby distributingcomputation
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Task ProcessrList
T3 0, 1, 2, 3, 4, 5, 6, 7
T4 0, 1, 2, 3, 4, 5, 6, 7
T5 0. 1, 2, 3, 4, 5, 6, 7

Table4.4: PureDataparallelism. In this tasksareexecutedoneafter theother;eachtask
is executedonall processors.

Configuration TaskandData Data
DataSize(MB) Time(s) Time(s)

8 0.049 0.063
32 0.165 0.171
128 1.424 1.336

Table4.5: Comparisonof configurationsin Table4.3andTable4.4. DataSizeis thetotal
memoryusedfor arraysin tasksT3, T4, T5.

amongmoreprocessors.Hencetheprocessorassignmentin Table4.3givesbetterperfor-

mance,asfour processorseachareusedfor tasksT3 andT4.

4.1.3 REPLICATED TASKS

Figure4.3givesanexampleof a taskgraphwith sixteenreplicasof tasksT1 andT2, each

executingthe codeshown in Figure4.4. The programwasrun on two processorswith

a blockingfactorof 1. Thetestswererun with two differentprocessorconfigurationsas

shown below.

1. Data parallel : Both the processorswork on eachtask. This hasthe advantage

of larger aggregatememorybut often doesnot scaledue to communication and

synchronization overhead.
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2. Taskparallel : Instancesof T1andT2arerunondistinctprocessors.Eachprocessor

worksonall theinstancesof a taskandhencefewerprocessorsarerequired.

T1’’

T2’’

T1
(16)

T2
(16)

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

T1’

T2’

T1

T2

Figure4.3: Replicatedtasksgraph. T1, T1’ etc areinstancesof T1 andT2, T2’ etc are
instancesof T2. Instancesof aparticulartaskwork on thesamedataset.

T1()
{
A = B + C;

}
T2()
{
D = E + F;

}

Figure4.4: Syntheticcodeexecutedby eachreplicain Figure4.3. Eachtaskdoessome
simple arrayaddition.All arraysareonedimensional.

Table4.6gives theresultsof thetestswith andwithout synchronization in eachtask.

Synchronizationwasaddedto the original codeby addingbarriers.Following observa-

tionscanbemadefrom theresultsin Table4.6.

1. NoSynchronization : Whenthedatasizeis smallthereis notmuchdifferencein the

performanceof eitherapproaches.However whenthedatasizeis increasedrunning

the tasksusingtaskparallelismdegradestheperformanceasthetasksbecomeout
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of core.In dataparallelapproach,boththeprocessorswork ona taskandhencethe

aggregatememoryfits thedataresultingin betterperformance.

2. Synchronization: Whenthedatasizeis small theperformanceof thedataparallel

approachdegradesbecauseof thesynchronization overhead.Theperformanceof a

taskparallelprogramdoesnotgetaffectedmuchbecauseof lowersynchronization

overhead.Howeverasthetaskbecomesoutof coredataparallelismperformsbetter.
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No Synchronization Synchronization
Configuration

Dataparallel Taskparallel Dataparallel Taskparallel
Array Size Time(s) Time(s) Time(s) Time(s)

2000 51.88 48.29 104.72 53.00
2200 59.94 58.44 123.46 63.71
2400 72.20 69.64 138.54 81.43
2600 84.79 87.80 156.62 93.96
2800 106.79 147.39 182.58 541.26
3000 125.89 2563.60 212.04 3234.57
3200 149.64 3546.32 271.34 4085.99
3400 171.11 4237.72 373.31 4983.93
3600 200.59 5412.43 544.74 6245.25

Table4.6: Performanceresultsfor replicatedtaskgraphin Figure4.3. Array sizeis the
numberof integersin eachof arraysusedfor T1 andT2. Thesecondandthird columns
give resultsof testsdoneby doingsimple arrayadditionwith no synchronization;fourth
andfifth columnsgive resultswith synchronization overhead.

4.2 PHOENIX

PHOENIX is a scientific applicationusedfor computingwavelengthsof light emitted

from stars.The programis written usingFORTRAN andMPI [6]. The programhasa

taskdependency graphof Figure4.5replicatedmorethanthousandtimes,with nodepen-

denciesamongreplicas.

Characteristicsof theimplementationof PHOENIXarespecifiedbelow.

1. Instancesof tasksT1 andT2 readthewavelengthsondisk in blocksof size128KB.

The dataset readis the samefor someinstancesof a task, andhenceexecuting

themseriallyexploits datalocality. For example,thefirst tenreplicasmaywork on

blocks1-16,thenthenext tenreplicaswork on blocks17-32,andsoon. Instances

follow a buffer-basedapproachwherea memorybuffer is usedto storetheblocks

read. The buffer size influencesthe total memorybeingusedby the application.

Increasingthe buffer size improvesthe performanceof instancesof tasksT1 and
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T1 T2 T3

T4

T5 T6 T7

Figure4.5: PHOENIX taskgraph

T2, but negatively affectstheperformanceof othertasks.Thetotal amountof data

readfrom thediskby thewholeapplicationis in terabytes;about20-100MBdatais

readby eachreplica.

2. Instancesof T3 accessabout 1MB and produceabout 20-100MB of data for

instancesof T7 in eachreplica. Hence,executingeachinstanceof T7 after a

instanceof T3 exploits thedatalocality.

3. Instancesof the tasksT1, T2, andT3 eachproduce1KB of datafor T4-instances.

Hence,it is importantto make surethatthedatarequiredby instancesof T4 is not

evictedfrom memorybeforetheinstancesstartexecution.
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4. Instancesof tasksT5 andT6 do not significantlyinfluencetheperformanceof the

application.

5. Within a replica,executing different taskson differentprocessorsresultsin com-

munication overheadbecauseof the datadistribution requiredbetweentasksin a

replica. Hence,the replicasaredividedamongthe processorsandthe tasksin a

replicaarerunonasingleprocessor.

As we canseefrom the taskcharacteristicsexplainedabove, it is quite complex to

determinethebehavior of PHOENIXwith differentprocessorassignments.Theemulator

wasusedfor testingascaleddown implementationof PHOENIXcode.

4.2.1 HORIZONTAL EXECUTION

In thefirst setof teststhebuffer-basedapproachwasmodifiedto a horizontal execution

approachto minimize the sizeof thebuffer, which resultsin betterperformance.In the

buffer-basedapproach,blocksarereadandstoredin thebuffer. If thebuffer is full, ablock

is evictedby usinga standardreplacementstrategy suchasLRU. If thesuccessorreplica

requiresthe evicted block it is re-readfrom the disk. Imaginea scenariowheretasks

T1 andT1’ read15 consecutive blocksandthe buffer is big enoughto hold 10 blocks.

Sequentialaccessof blocksmayresultin every block beingreadfrom thedisk for tasks

T1 andT1’.

In the horizontal-executionapproach,a block will never have to be readmorethan

once.We achieve this by performingthecomputation on all thereplicasthat requirethe

block. This canbedonein PHOENIX becausewithin a replica,thewavelengthsreadare

accessedin sequenceandonly once.Henceour approachis to reada block of datafrom

disk, computeall replicasthat work on that block, thenreadthe next block, etc. This

approachwill decreasethesizeof buffer usedfor thetasksto asingleblock. Also thedata
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readis morelikely to fit in thehardwarememorycacheof 512KB,speedingup memory

access.

Thebuffer-basedandthehorizontal-executionapproacheswerecomparedby running

80 instanceseachof T1 andT2 on a singleworkstation.Thecodeexecutedby thetasks

was modified to do somesimple array addition, which was adequateto representthe

actualproblem.Thefocusis to observe theperformancewith differentapproachesused

for accessingblocks.Thebuffer-basedapproachwasoptimizedsothateachreplicaworks

on blocksthatarepresentin thebuffer beforegoingto disk to fetchtherequiredblocks.

For example,if tasksT1 andT1’ work onblocks0-19andthebuffer canhold10blocks,at

thecompletion of T1 blocks10-19will bein thebuffer. HenceT1’ worksonthoseblocks

beforefetchingblocks0-9. HenceT1 hasa missrateof 1.0andT1’ 0.5 for buffer-based

approach,wheremissrateis definedasthepercentageof failuresto find theblock in the

buffer.

The block accesspatternsfor instancesof tasksT1 andT2 of eachreplicainfluence

theperformanceof boththeapproaches.Thedifferentaccesspatternsusedfor theperfor-

manceanalysisaregivenin Table4.7; t denotesthereplicanumber. Thefirst two patterns

haveamissrateof 1.0for bothapproachesastheblockneedsto befetchedfrom thedisk

every time. In testcase4, thefirst two replicaswork onblocks0-19,thenext two replicas

work on blocks10-29andso on. For the buffer-basedapproach,testcase4 gives miss

ratesof 1.0,0.5,1.0,0.5,etcfor theinstancesof T1 andinstancesof T2, with a buffer to

hold 10 blocks;testcase7 hasa missrateof 0.0 for all theinstancesexceptthefirst one,

whereall blocksneedto be broughtinto the buffer. The missrate for otherpatternsis

highwith buffer-basedapproach.Table4.8givestheresultsof boththeapproachesusing

a10-blockbuffer.

As we canseefrom theresultsin Table4.8, thehorizontalexecution approachgives

betterperformancewith mostof thepatterns.In thefirst two tests,it doesnotoutperform

block basedapproachbecausethemissrateis thesamefor bothapproaches.In the last
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Testcase Startblock Endblock Example
0 t t 0, 1, 2, ...
1 (t-1)*10 t*10-1 0-9,10-19,20-29,...
2 0 9+t 0-9,0-10,0-11,...
3 0 t*10-1 0-9,0-19,0-29...
4 ((t-1)/2)*10 ((t+1)/2)*10-1 0-19,0-19,10-29,10-29,20-39,20-39...
5 ((t-1)/16)*80 ((t+15)/16)*80-1 0-79,0-79,..16 times, 80-159,80-159..
6 0 160 0-160,0-160,0-160,...
7 0 9 0-9,0-9,0-9, ...

Table4.7: Block accesspatterns.Differentpatternsusedfor comparingthebuffer based
andhorizontalexecutionapproaches.t denotesthereplicanumber.

testcasehorizontalexecution wasbetterbecausetheblocksreadfit in hardwarememory

cache.

Theperformanceof instancesof T1 andinstancesof T2 canbeimprovedby increasing

thesizeof thebuffer. However, aspreviously said,this affectstheperformanceof other

tasks.This wastestedby seeingthebehavior of PHOENIX varyingthebuffer size.Con-

sidertheprocessorassignmentin Table4.9,for thetaskgraphgiven in Figure4.5,where

tasksT1-T7 have taskcodesof 0-6. All the tasksarerun on a singleprocessorbut the

orderingof replicasis determinedby thedirectionspecifiedfor eachtask.

ThePHOENIX programwasscaled-down asspecifiedin Table4.10for runningon a

singleworkstation. The focusof this testis to studythebehavior of theprogramwith a

particulardiskandmemoryaccesspatterns.HencethePHOENIXcodewasmimickedby

performingsimpledatamanipulation. Threedifferentblock accesspatternsweretested.

Thepatternswere(1) 0-31,0-31,0-31,etc,(2) 0-15,16-31,32-47etcand(3) 0-15,0-15,

16-31,16-31etc.Table4.11givestheresultsof increasingthememorycachefor F1,F2.
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Testcase Buffer based Horizontalexecution
Time(s) Time(s)

0 0.87 0.76
1 84.50 83.60
2 57.90 07.60
3 5221.00 107.00
4 58.50 43.70
5 94.60 47.20
6 138.00 12.30
7 0.51 0.25

Table4.8: Resultsof comparisonof buffer basedandhorizontalexecution approaches.

Mode TaskCode NumProcs ProcList
A 0 1 0
A 1 1 0
D 2 1 0
D 3 1 0
D 4 1 0
D 5 1 0
D 6 1 0

Table4.9: ProcessorAssignmentfor observingthebehavior of buffer basedapproachby
increasingthebuffer sizefor T1 andT2

Theresultsshow thattheperformanceof thebuffer basedapproachbecomesworseby

increasingthebuffer sizewith patterns2 and3. This is becauseof thefactthatincreasing

thebuffer sizedecreasestheamountof memoryavailableto theothertasks.Becauseof

this thedataproducedby instancesof tasksT1 andT2 for instancesof T4 is evictedfrom

memory, theperformanceof instancesof T4 suffersgreatlyasthedataneedsto bere-read

from thedisk. In thehorizontalexecutionapproach,weuseasingle blockbuffer.
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NumberOf Replicas 320
Dataproducedby eachinstanceof T1 andT2 10KB
Dataaccessedby instancesof T3 1MB
Dataproducedby T3 20MB

Table4.10:Characteristicsof simulatedversionof PHOENIX.

Pattern Buffer based Horizontal execution
Time(s) Time(s)

10 40 1
1 89.70 37.72 12.43
2 50.40 179.40 47.99
3 43.66 95.2 33.22

Table4.11:Performancewhenweincreasethebuffer sizefor T1 andT2. Theresultsshow
thetime takenfor testswith 10-blockand40-blockbuffer for buffer basedapproach.We
useasingleblockbuffer for horizontalexecution.

4.2.2 BLOCKING FACTOR

In the previous sectionwe saw that usinghorizontalexecutioncan improve the perfor-

mancewhencomparedto theoriginal approach.Theperformanceresultsobtainedin the

previoussectionswerewith ablocking factorequalto thenumberof replicas.Varyingthe

blockingfactorinfluencestheperformanceof theparallelprogram.If instancesof tasks

T1 andT2, producelargeamountsof dataa higherblockingfactorresultsin evicting the

dataproducedby thesetasksandwill degradethe performanceof instancesof T4. A

smallerblocking factormay not be ableto take advantageof datalocality for instances

of T1 (aswell asfor instancesof T2). The emulatorcanbe usedfor finding a suitable

blockingfactorto givegoodperformance.

Table4.13givestheresultsof testsdonevaryingtheblockingfactorfor theprogram

with thecharacteristicsgiven in Table4.12andusingthehorizontalexecution approach.
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We seefrom the resultsin Table4.13that thereis not a significantdifferencein perfor-

mancewhen the blocking factor is 16 andabove. Betterperformancewith a blocking

factorof 16 whencomparedto blocking factorof 1024is most likely dueto hardware

memorycachingof dataproducedby thetasks.This behavior is influencedby theblock

accesspatternthatwaschosenfor tasksT1 andT2. With horizontalexecution usedfor a

block accesspatternof 16 replicasof 0-15,16 replicasof 16-31etc,usingany blocking

factorwhich is amultipleof 16exploits thedatalocality of thetaskwhereablock is read

at mostonce.Howeverwhentheblockingfactoris smallerthan16,eachblock hasto be

readmorethanonce;hencetheperformancebecomesworse.

NumberOf Replicas 1024
Dataproducedby eachinstanceof T1 andT2 1KB
Block accesspatternof T1 andT2 0-15[16],16-31[16],..
Dataaccessedby instancesof T3 1MB
Dataproducedby T3 1MB

Table4.12:In-coreblockingfactortest.Amountof datainvolvedin theprogramusedfor
obtaininga goodblockingfactor. Thevaluein thebracein theexamplefor block access
patternis thenumberof consecutive replicaswhichhave thespecificpatternspecified.

BlockingFactor Time(s)
1024 12.03
512 11.88
256 11.84
128 11.89
64 11.75
32 11.63
16 11.65
8 15.78
4 23.58
2 39.89
1 72.54

Table4.13: Performanceresultsobtainedby varying the blocking factor for an in-core
programwith characteristicsgivenin Table4.12.

Largerblockingfactorswill affect theperformanceif thedataproducedby T1 andT2

getsevictedbeforeT4 startsexecution. Table4.15givestheexecutiontime of instances
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of tasksT1, T2 andT4 with differentblockingfactorvaluesfor thePHOENIX codewith

thecharacteristicsgivenin Table4.14andtheprocessorassignmentin Table4.9.

NumberOf Replicas 512
Dataproducedby eachinstanceof T1 andT2 100KB
Block accesspatternof T1 andT2 0-31[32],32-63[32],..
Dataaccessedby instancesof T3 1MB
Dataproducedby T3 10MB

Table 4.14: Out-of-core blocking factor test. Amount of datainvolved in out of core
programusedfor testingtheblockingfactor.

BlockingFactor Timetaken(s)
T1 T2 T4 Total

512 211.45 222.88 112.66 556.00
256 223.20 221.35 27.31 496.06
128 223.84 221.31 8.83 475.16
64 224.79 220.87 5.19 461.41
32 224.42 221.64 5.35 459.08
16 223.60 219.93 5.20 456.12
8 225.76 222.02 5.19 460.50
4 233.50 228.17 5.20 474.27
2 240.44 233.70 5.19 486.78
1 253.45 250.40 5.20 516.57

Table4.15: Performancewhenwe vary the blocking factor for an out of coreprogram
with characteristicsgiven in Table4.14. Total time includesall tasks,though only 3 are
shown.

Thefollowingobservations canbemadefrom theresultsshown in Table4.15.

1. As we decreasethe blocking factor, the time to executeinstancesof tasksT1 and

T2 increases.This is becausehigherblockingfactorvaluesexploit datalocality.

2. Theperformanceof instancesof T4 improvesby decreasingtheblockingfactor. We

canseethatat theblockingfactorof 512thetime takento executeinstancesof T4

is largebecausethedataproducedby instancesof tasksT1 andT2 for instancesof

T4 hasbeenevictedbeforeit startedits execution.
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3. Thetotal time takenis influencedby theprevioustwo factors.Theblockingfactor

valuesof 16, 32, 64 give a goodoverall performancein this testcase,with 16 the

best(theresultswith blockingfactor16areshown in boldfacein Table4.15).

4.3 DISCUSSION

TheresultsobtainedusingTAP onPHOENIXcanbeusedfor improving theperformance.

We saw that horizontalexecutionresultsin speed-upfor the simulatedPHOENIX pro-

gram. We areexpectingsimilar resultsin improvementafter PHOENIX is modifiedfor

implementing the new approach.The resultsfor the blocking factor testsyield further

improvementin performanceof the simulatedprogram. We seethat usinga blocking

factorvalueequalto thepatternsizeresultsin significantimprovementin performance.If

time is animportantfactorfor doingsimulationsa blockingfactorequalto patternsizeis

likely to givebetterresults.Thereplicascanbedividedamongdifferentprocessorsbased

on the blocking factor. If thereareenoughprocessors,the replicasbetweentwo fences

couldberunona single processor.



CHAPTER 5

RELATED WORK

In this section,we discussthe relatedwork donein integrating task and dataparallel

programs,processorassignment, efficient I/O techniquesfor out-of-coreprograms,and

datamodelsfor improving theperformanceof out-coreprograms.

INTEGRATED PARALLEL PROGRAMS

Considerablework hasbeendonein exploiting the advantagesof integrating task and

dataparallelism.For example,integratedparallelismwasusedin [17, 4] to obtainbetter

speed-upscomparedto eitherpuretaskparallelismor puredataparallelism[8, 14]. Gross

et al. [7] developeda Fortran compiler that producesintegratedtask and dataparallel

code.Theuserneedsto identify opportunitiesfor taskparallelism,andthecompilertakes

careof task creationand communicationbetweentasks. The compiler identifiesdata

parallelsubroutinesandthey areusedasunits for taskparallelism.Detailedanalysisof

thebenefitsof mixeddataandtaskparallelismareprovidedby Chakrabartietal. [4]. They

developedamodelto estimatethegainsof mixeddataandtaskparallelismandshow that

the integratedapproachis betterwheneithercommunication is slow or the numberof

processorsis large.ThelanguageBraid [17] developedby WestandGrimshaw integrates

taskanddataparallelism. Braid programmingmodel is a dataparallelextensionto the

MentalProgrammingLanguage(MPL),which is anobject-orientedtaskparallellanguage

in C++. Bal andHassen[8] presenta programming modelthat integratestaskanddata

parallelismusingsharedobjects.Thesharedobjectsareusedfor communicatingbetween
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processors,storingshareddataandfor distributionof work in adataparallelway. Alok et.

al. [1] developeda semanticmodelfor communication betweentwo data-paralleltasks.

Bal andHaines[2] discussdifferentapproachesaswell aslanguagesto integratetaskand

dataparallelism.They discusstheapproachesfollowedandtheproblems.

PROCESSOR ASSIGNMENT

SubhlokandVondron[16] developedanalgorithmfor determiningaprocessorassignment

for a chainof tasksthatoptimizeslatency in thepresenceof throughputconstraints. The

paperdescribesa generalandrealisticmodelof inter-taskcommunicationandaddresses

theentireproblemof mapping, which includesclusteringtasksinto modules,assignment

of processorsto modules,andpossible replicationof modules. Andrei andCristina[13]

describeCPR(Critical Path Reduction),a compile-time heuristicfor scheduling depen-

dencegraphsof coarse-graindata-paralleltasks. The paperhow CPR canbe usedfor

schedulingtaskson processorsfor arbitrary topologies. Ramaswamy et al. [15] used

convex programmingto find thenumberof processorseachtaskcanbeexecutedon and

thenschedulingthemusinga list-basedalgorithm.

I/O TECHNIQUES FOR OUT-OF-CORE PROGRAMS

Out of coreparallelprogramshave beenof interestin the parallelprogrammingcircles.

Demke’s [5] paperdiscussesa fully automatic techniqueto prefetchfor out-of-coresci-

entific applications.Compilertechniquesareusedto determinethe futureaccesspatters

for managingdatareads.Li et. al. [10] presenta framework for synthesizing I/O efficient

out-of-coreprogramsfor blockrecursivealgorithms,suchasFastFourierTransform(FFT)

andblock matrix transposition algorithms. They capturethe semanticsof block-cyclic

datadistributionsof out-of-coredataandalsodataaccesspatterns.They usethat infor-

mationfor determiningthe datadistribution for improving the performance.Jarekand
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Foster[11] describeaprogrammingmodelfor adisk-basedrepresentationof anarrayand

provide functionsfor transferringblocksof databetweenglobalarraysanddisk resident

arrays,allowing usersto accessdatalocatedon disk via a simple interface. However,

the userhasto take careof transferringsectionsof thesedisk arraysdependingon the

availablemainmemoryfor computation.

DATA MODELS FOR OUT-OF-CORE PROGRAMS

Rajeshet. al. [3] presenta datastoragemodelthatallows processorsindependentaccess

to their own dataanda correspondingcompilation strategy that integratesdata-parallel

computation with datadistribution for out-of-coreproblems. Kennedyet. al. [12] devel-

opedacompiler-basedapproachwherethecomputationsaredelayedtill thedatarequired

becomesavailable.ThecompilertechniquesdevelopedchoreographI/O of theapplication

basedon high-level programmerannotationssimilar to FortranD’s DECOMPOSITION,

ALIGN andDISTRIBUTE statements. Kandemiret. al. [9] proposea datalayoutopti-

mization for alleviating the problemof excessive I/O calls. The layout usescompiler

analysisto obtainhigh level information aboutthedataaccesspattern.This information

is pluggedinto therun-timesystem.

TAP canbeusedasa testbedfor theexisting approachesto determineprocessorassign-

ments. For example, compiletime heuristicsin CPRcanbe usedfor selectingthe pro-

cessorassignmentsto be testedwith TAP. The mappingresultsobtainedfor processor

assignments canberunwith TAP to find estimatesfor synthetic parallelprograms.



CHAPTER 6

CONCLUSIONS AND FUTURE WORK

Integratingtaskanddataparallelismis importantfor practicalapplicationsandis often

necessaryfor goodperformance.Determiningprocessorassignmentsin theseclassof

problemsis complex, andfor dataintensive problems, executing many sampletestruns

may not be feasible. TAP is an emulatortool that canbe usedfor runninga portion of

theparallelprogramor a scaled-down versionof theprogramto determinegoodassign-

ments.Thepaperpresentshow theemulatorcanbeusedfor instrumentingparallelpro-

gramsto run themwith differentprocessorassignments. With a goodunderstanding of

theemulatorcode,it canbeusedfor determiningthebehavior of a parallelprogram.We

showedhow theperformanceof any applicationdegradesif aparticulartaskbecomesout

of core. Hence,allocatingextra processorsto dataintensive tasksimprovesthe perfor-

mance.TAP wasusedto studythebehavior of PHOENIX, andwe observed thatmodi-

fying thebuffer basedapproachto horizontalexecutionapproachgave big improvement

in performance.The performancewasfurther improved by choosinga properblocking

factorfor thereplicasin PHOENIX.

As of now, TAP canbe usedfor runningparallelprogramwith regular taskdepen-

dency graphs.In thefutureit shouldbepossibleto supportarbitrarygraphsfor obtaining

thebehavior of any parallelprogram.Anotherfuturepossibility includemodifyingTAP to

supportdynamicprocessorassignment.Finally, theapproachcurrentlyfollowedrequires

userinterventionfor modifyingTAP andtheapplicationbeforedoingtests.In thefuture,
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theemulatorcouldbeautomatedto make it easyfor theuser. It canbemodifiedto instru-

ment the application with the emulatorcodeandrunningthe applicationwith different

processorconfigurations.
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