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A parallelprogramis usuallywritten usingeitherdataparallelismor taskparallelism.
With dataparallelism eachprocessoexecutesthe samecodebut operateson different
data,whereadn taskparallelismthe programis dividedinto tasks,andeachtaskis exe-
cutedon a separaterocessar Taskand dataparallelismhave complementargtrengths
that are appropriatefor differentproblems. However, someprogramscan benefitfrom
their integration.

Onekey problemwith an integratedapproachis the processorassignnent problem
which is how to assignthe differentprocessorso tasks. Determininga good processor
assignmenis complex andoftenrequiressignificantexperimentaton. We have developed
atool calledTAP for executingintegratedparallelprogramswith userdefinedprocessor
assignmerst This thesisdescribeghe userinterfaceandimplementatiordetailsof TAP.
We alsodiscusshow the frameawvork wasusedto studythe behaior of PHOENIX, a sci-

entific stellaratmosphericode.
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CHAPTER 1

INTRODUCTION

Many applicationssuch as weatherprediction and aerodynamicsare computationdy
intensie andrequirevastamountsof processingpower. For example,to calculatea 24
hour weatherforecastfor the UK requiresabout10'? operationgo be performed. This
takesabout2.7hoursonaCray-1(capableof 10® operationgersecond) For giving accu-
ratelong rangeforecastamore powerful processorsre needed.Thoughthe processing
power of the machineshasbeenincreasingevery yeat it will still not be ableto meet
therequirement®f someapplications.Onesolutionis to useparallelism which means
simulkaneouslyrunningthe application on mary processorandreducethe computatbn
time. This requiresnew algorithmsandprogramstructurego performoperationsimul-
taneouslybecausemostexisting algorithns are specializedor a singleprocessarCon-
currency ability to executeinstructobnssimultaneosly on differentprocessors)ecomes
afundamentatequirementor parallelalgorithms

Thefirst stepin developingthesealgorithmsis to develop a parallelmachinemodel,
similar to the existing singlemachinemodelcomprisingof a CPUandmemory[6]. Dif-
ferentmodelshadbeenproposedor the parallelmachine the significantonesbeingthe
SinglelnstructionMultiple Data(SIMD) andMultiple InstructionMultiple Data(MIMD).
In SIMD machinesall processorsxecutethe samenstructionstreamon adifferentpiece
of data.MIMD machinesxecutea separatetreamof instructicxson theirlocal data.

Oncethemodelis chosencommunicatio channeldbetweerdifferentprocessoraeed

to be setup for exchangeof data. The communicatn channelsareusuallyimplemented
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by usingshaed memoryor messge passing In the sharedmemoryapproachthereis
global addressspace which is accessiblgo all the processorsin messaggassingthe
memoryis distributed and the processorsare connectedoy a network for exchanging
messageslin additionto the extremecasesof sharedmemoryand distributed memory
therearepossbilities for hybrid designghatcombinefeaturesof both.

A parallelcomputatio consiss of oneor moretasks. Taskscanbe mappedo phys-
ical processor#n variousways; the mappingemployed doesnot affect the semanticof
a program.In particular multiple taskscanbe mappedo a single processar The map-
ping of the tasksto processorsequiresa careful designbasedon the computaibn and
communcationinvolved in the program. Thereare two approacheg$or how the map-
ping to processorss done. In the first one,we write a single programandexecuteit on
mary processorsyith eachprocessoworking on a pieceof data.This approachs called
dataparallelismor SPMD (Single ProgramMultiple Data). The seconddeais to write
multiple programswhereeachoneis responsibldor a specialtask. Thesedifferentpro-
gramsarethenexecutedn parallel.We alsocall this approachaskparallelismor MPMD
(Multiple ProgramMultiple Data).

Taskanddataparallelismareoften considerednutualy exclusive approacheso par
allel programming. For mary applications achieving good performancefor a parallel
programrequiresexploiting both dataparallelismaswell astaskparallelism.Depending
on the size of the input datasetandthe numberof processorsthe application is divided
into a setof dataparalleltaskswhich canbe executedconcurrentlyon.

This projectfocuseson integratedtask and dataparallel programs. They consistof
a collectionof tasks,someof which areindependentadditionaly, sometasksarethem-
selwesparallel. A goodprocessomssignmentwhichis a mappingof eachtaskontoa set
of processorsis crucial for parallelprogramperformance.The goal of this projectis to
explore effective processoassignment suchprogramstakinginto accountcomputa-

tion time, the memoryhierarchy andcommunicatio constraints We developeda simu-
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lation ervironmentfor testingdifferentprocessoassignmerstfor a parallelprogram.in
this thesiswe describehow the framewvork canbe utilizedfor studyingthe behaior of
syntheticparallelprogramsandalso presentresultsto shav the behaior of a scientific
applicationcalledPHOENIX. The latter programis out of core, meaningthatits dataset
doesnotfit in theaggreyatememoryof all processors.

In the following sectionsve describethe TAP (Tool for Assigning Processorsivhich
is usedfor testingdifferentprocessoassignmentenparallelprograms.Thepapelis orga-
nizedasfollows. Chapter2 givesthefundamentaimotivation for developirng theemulator
andintroducesan exampleparallel program,which is re-usedthroughait the paperto
illustratehow the emulatorcanbe used.Chapter3 givesthe userinterfaceandtheimple-
mentatiordetailsfor usingtheemulator Chapte# givesresultsthatareobtainedoy using
theemulatoprogramonthe exampk programandascientificapplicationPHOENIX. For
theexampleprogramwe gotup to 60%improvementin performancey usingintegrated
approachwhencomparedo dataparallelism. Using our horizontalexecutionapproach
we gotuptoseven-fold improvementestinga syntheticPHOENIX application Chaptei5

describegherelatedwork, andwe concludeanddiscusguturework in Chapter6.



CHAPTER 2

OVERVIEW

Thissectiondiscussebow TAP canbeusedfor testingdifferentprocessoassignmerstin
parallelprogrammingdesign.Section2.1 explains taskanddataparallelism Section2.2

explainsthe applicationof 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
processois calledatask A parallelprogramis usuallypartitionedinto tasksto expose
opportuniies for parallelexecution. Hence,the focusis on defininga large numberof
smalltasksin orderto yield whatis termeda fine-graindecompodgion of a problem.In
later designstagesevaluation of communicatn requirementsthe targetarchitecturepr
software engineeringssuesmay lead us to forego opportuniies for parallel executon
identified at this stage. We thenrevisit the original partition and agglomeratdasksto
increaseheirgranularity A goodpartitiondividesinto smallpiecesboththecomputaton
associatedvith a problemandthe dataon which this computaibn operates.Whenthe
focusis onthedataassociateavith a problem thetechniques termeddomaindecompo-
sition. The alternatve approachwherethefocusis on the computabn to be performed,

is termedfunctionaldecompodion.
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Data parallelism usesdomain decompositin for achieving parallelism. In this
approacho problempartitioning, we seekfirst to decomposéhe dataassociatedvith a
problem.If possble, we divide thesedatainto small piecesof approximatelyequalsize.
Next, we partitionthe computaton thatis to be performed typically by associatingeach
operationwith the dataon which it operates.This partitioningyields a numberof tasks,
eachcomprisng somedataanda setof operation®nthatdata.An operatiormayrequire
datafrom severaltasks. In this case,communicatia is requiredto move databetween
tasks.

Figure 2.1 gives an exampleof a parallel programdivided into differenttasks. The
orderof executian of tasksdepend®nthedependencgraph.An examplecodefragment
is shavn in Figure2.2. Table2.1 givesthe processoassignrentwith 4 processorsThe
dataand computatbn are distributed equally amongthe processorgor achieving good
performance.Figure 2.3 givesthe modified codefor eachprocessar Data parallelism
givesgoodperformancevhenthe computatio is regular but hasthe disadwantagethatit

doesnotscalewell beyonda certainpoint.

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

Table2.1: Processoassignmentith dataparallelism. Eachprocessomworks on all the
tasks.

Taskparallelismis achiezedby functionaldecompositin. This approactrepresents
differentandcomplenentaryway of thinkingaboutproblems.In thisapproachtheinitial
focusis on the computatiornthatis to be performedratherthanon the datamanipulated
by the computatio. If we aresuccessfuin dividing this computaibn into disjoint tasks,
we proceedto examire the datarequirementf thesetasks. Thesedatarequirements

may be disjoint, in which casethe partitionis complete.In the caseof task parallelism
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Figure2.1: SampleTaskGraph.A taskis eligibleto runwhenall of its predecessolisave
completed.

the tasksare assignedo run on differentprocessorsFor the taskdependeng graphin
Figure2.1,asampleprocessoassignmenis givenin Table2.2. Puretaskparallelismhas
thedisadartagethatit cannotexploit thedataparallelisminvolvedin eachtask.
Integratingtaskanddataparallelismmay provide betterperformancen certaincases.
The programis divided into tasksusing functionaldecomposibn and a setof proces-
sorsareassignedo eachtask. Dataparallelismin eachtaskcanbe appliedfor domain
decomposion. Theintegratedapproachriesto getthe bestof boththedomainandfunc-
tional decompodion. A lot of researchs beingdoneto effectively useboththe forms

of decomposion to getthe properassignrent of differentnumberof processorsor the



T()
{
/'l F() works on X, Y and produces Z

Z=F ( X Y);

}

Figure2.2: Samplecodefor ataskin Figure2.1.
T()
{
/'l F() works on X, Y and pro-
duces Z

[l X, Y, Z are pieces of X, Y and Z
Z =F (X, VY );
}

Figure2.3: Codefor eachprocessousingdataparallelism.Thepiecesof X, Y andZ are
independentor eachprocessar

given parallel program. This projectaddressesheseclassof programsand develgps a

testingframenork to find aneffective processoassignment

2.2 PROCESSOR ASSIGNMENT

Processoassignmenin a taskanddataparallelprogramrequirescomplex analysisand
requirestestrunsto getthe optimal assignment This could involve considerabldime
spentfor getting an efficient assignment In the caseof large parallel programswhose
executionmay take a few days,this may not be feasible. Figure 2.1 givesa taskgraph
for a parallel programwith comple task dependencies.The processomssignmentn

thesetype of complex graphsbecomegyuite difficult becausef the differentconstraints



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

Table2.2: Sampleprocessonssignmentor taskparallelism

involved. The computaibn involved in the task,the amountof memoryutilized by the
task, andits dependenciewith othertasksinfluencethe assignment Determiningan
optimalor eveneffective assignmenbecomeguitedifficult.

The projectaddressethis issueby develgping a testirg framavork usedfor running
a parallel programwith different processorssignmerst TAP is an emulatortool for
running a part of the applicationor even a scaled-dan versionof the actual parallel
program.Theresultscanbe extrapolatedo identify effective processoassignmerst

For exampk, considera parallelprogramwith dependenggraphin Figure2.1,whose
tasksT3, T4, T5 have the computaton shavn in Figure 2.4. The getinputandenable-
Outputdependon the task dependenciesf eachtask. For example, T3 recevesinput
from tasksT1, T2 beforeit startsexecutng. T4 hasno predecesspascanbe seenfrom
the taskdependeng graphin Figure2.1. ThetaskT5 collectsthe resultsfrom T3, T4
for its computation.In mary casesthesetasksutilize large amountsof memoryto store
arrays.Eachof theseasksaredataparallel,which makethemgoodcandidate$or domain
decomposion. Figure2.5 givesthe modifiedcodefor the computaibn involvedin each
processar

Therestof thetaskswork on smallerdatasetsandarelesscomputatonally intensve.

Hencethe performanceof tasksT3, T4, T5 determinethe overall performanceof the



T3()

{
get | nput (T1, T2);

XC=F ( XA XB);
enabl eQut put (T5);
}F4()
{
XF =F ( XD, XE );
enabl eQut put (T5) ;
}r5()
{
get | nput (T3, T4);
XG=F ( XC, XF);

enabl eQut put (T6, T7);
}

Figure 2.4: Examplepseudocodefor tasksshown in Figure2.1. TasksT3, T4 andT5
work on differentdatasets.T4 doesnot have ary predecessaandhencedoesnot have a
getinputfunction.

application. Soit may be usefulto studythe performanceof thesetasksindependently
For thedependenggraphin Figure2.1,if we areinterestedn seeingthe performanceof
tasksT3, T4, T5, we canusethe emulatorto run the programwith thesetasks,resulting
in a new taskgraphasrepresentedn Figure 2.6. Differentprocessomssignnentscan
be testedon thesetasksto geta goodperformancesstimate.The resultscanbe usedfor

determininga processoassignmentor the original application.
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conpute(start, end)

{

for i = start to end
Z =F ( Xstart:end], Y[start:end]);

Figure2.5: Samplecodefor ataskon asingleprocessowith dataparallelismfor thetask
graphshown in Figure2.1. Eachprocessoworkson a pieceof dataof all tasks.

In thecasewhentheemulatoris usedto run a few tasksinsteadof thewholeprogram,
the userneedsto modify the applicationsuchthat the the taskscanrun without having
to executeother predecessotasks. An exampleof this might be a casewherethe task
T3 requiresthe resultof the executionof tasksT1 and T2. This situaton needsto be
simulatedby theusersothatT3, T4 andT5 canrunindependenyl.

Theamountof datainvolved in eachtaskcanbescaleddowvn to malke it suitableto run
theprogramon aparticularmachine Scientificparallelprogramsftenwork on gigahytes
or terabytesof dataandmay be usinghundredsof machinesduringtheir final runs. But
it may be a goodideato scaledown the applicationto run on a few workstationso get
initial results. For the exampleshaowvn above, the tasksT3, T4, T5, canbe modifiedto
work on smallerarraysizessuitablefor thetestervironment.

In the next sectionwe explain how TAP canbe usedfor testingdifferentprocessor
assignmerst We will discussthe userinterface andthe implementaibn detailsof the

emulatorfor runningparallelprograms.
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Figure2.6: Tasksubgraph.Modified taskgraphwith tasksT3, T4 and T5 of Figure2.1
beingconsideredor performancestudy



CHAPTER 3

IMPLEMENTATION

The emulatoris a testingframenork usedfor performanceanalysisof a parallelprogram
thatcontainsbothtaskanddataparallelismandspecificallyexamineshow differentpro-
cessomssignrentsaffectthe performancef a parallelprogram.in thefollowing sections

wewill describevhattheemulatordoesits userinterfaceandtheimplementatn details.

3.1 EMULATOR FRAMEWORK

The emulatorcanbe usedfor runninga scaled-dwn versionof a parallelprogramwith
differentprocessoassignmentsThis may not be ableto give an exact performancepic-
ture of an application,but givesgoodestimatesf the behaior of the application. The
resultscanbeusedio determinghebestpossilbe configuratiorof the availableprocessors
for runninga parallelprogramefficiently.

Theemulatorrequiresthe following astheinput from the user

1. TaskList - thelist of tasksin the program.

2. TaskDependenciesthe orderof executionof thetasks.

3. ProcessorConfiguation - list of processorassignedor eachtask.

Fromthe information provided, the emulatorrunsthe tasksin the orderspecifiedby
the useron the processorassignedo thattask. The emulatorcanbe usedfor running
programswith a singlegraphasin Figure2.1. It canalsobe usedwhena singlegraphis

replicatedasin PHOENIX, explainedin Section3.3.

12
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3.2 SINGLE GRAPH IMPLEMENTATION

The emulatorrunsthe parallelprogramwith a userspecifiedprocessoassignrent. The
different stepsinvolved for usingthe emulatorand modifying the parallel programare

summarizedelow.

[ —

. ldentify thetasksin the parallelprogram.

N

. ldentify the portionof the parallelprogramcodeto betestedwith the emulator

3. Scaledown the parallelprogramfor thetestenvironmentif required.

N

. Specifythetaskdependencieandthe processoassignrent.

62

. Modify theparallelprogramto run alongwith theemulator Thisrequiresanunder

standingof theemulatorcode.

Thefirst threestepsare explainedin Section3.2.1,while the lasttwo are coveredin

Section3.2.2.

3.2.1 USER INTERFACE

The emulatorprogramrequiresvery few modificationsfor running parallel programs.
With a goodunderstandig of the emulatorcode,it canbe modified quite easilyto suit
mostapplicationswith regular executon paths. The following sectionsdescribehow the
userneedsto provide informationto the emulatoraboutthe task dependencieandthe

processoassignnent.

TASK LIST AND DEPENDENCIES

Its the job of the userto identify the tasksandprovide a mappingbetweerthetasklist in
thefile andthe tasksin the program. The mappingneedso be codedinto the emulator

programasin theFigure3.1for tasksT3, T4, T5 shavn in Figure2.6.
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taskld = 3; // Used for assigning Task ID s

t askVect or[taskl d++] = T3();
taskVector[taskl d++] = T4();
taskVector[taskl d++] = T5();

Figure3.1: Codedescribingthe mappingbetweentasklist in thefile andthetasksin the
program.

Thetask\éctoris anarrayof functionpointersfor eachtaskin theprogram.Theemu-
lator usesthe taskld providedfrom the input taskdependengfile to executea particular
task.As we canseefrom thecodeabove, thetasksT3, T4, T5 havetasklds 3, 4, 5 respec-
tively. Thetaskdependencieareprovidedto the emulatorthrougha specificatiorfile. A
sampleformat of the specificatiorfile for the modifiedtaskgraphof Figure2.6is given
in Table3.1. Themainpurposeof thetaskgraphis to provide run-time informationabout

the orderof executbn of tasksto theemulator

TaskCodel NumPev | PrevTasks| NumNet | NextTasks
3 0 1 5
4 0 1 5
5 2 3 4 0

Table3.1: TaskDependeng GraphRepresentatiom TAP. TaskCodadentifiesthe task,
NumPev is the numberof previous tasks,and PrevTasksgives the list of the previous
tasks. NumNaet is the numberof tasksafter the particulartask,and NextTasksgives the
list of next tasks.

PROCESSOR ASSIGNMENT

Thedifferentprocessoassignmerstto eachof thetasksneeddo begivento theemulator

programfrom afile in theformatspecifiedn Table3.2. Theprocessoassignmenshovn
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in Table3.2 executesall the taskson a single processarThe exampleshawn is a simple
one,but comple processomssignnents,basedon the computatiorand communicatn

involved in eachtaskcanalsobe specified seeTable3.3.

TaskCode| NumPocs| ProcList
3 1 0
4 1 0
5 1 0

Table 3.2: Sample processorassignmentin TAP. TaskCodeidentifies the task, and
NumPpocsis the numberof processorso be run on. ProclList givesthe ranksfor pro-
cessorsised;MPI assignganksto the processorshatareusedfor runningthe program.

TaskCode| NumPocs| ProcList
3 3 01 2
4 1 3
5 2 4 5

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

3.2.2 IMPLEMENTATION

Thetaskgraphandthe processoassignmenis storedin a datastructurein the emulator
codeandis replicatedamongprocessorsunningtheparallelprogrammiig code. Thedata
structureis shovn in Figure3.2. It is initializedbasedon the taskdependencieandpro-
cessomssignmenprovidedby the userthroughthe specificatiorfiles. Theemulatoruses
the informationto schedulehe taskson differentprocessors As explainedin the Sec-
tion 3.2.1,thetaskld which identifiesthe task,is usedto index into thearrayof function
pointersto executethetask.

The emulatorexecuteghe tasksdependingon the taskdependenciesk-or the speci-
ficationin Figure2.6, T3 and T4 areexecutedbeforeT5. Sincethereis no dependeng
betweenT3 and T4, they are executedin parallel. If they arebothrunningon the same
processareitherorderingis legal For the processomssignmentn Table 3.2, T3 runs

beforeT4.
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taskList
' R Function Pointer Array
taskld (3) 2 .
3 T3
groupLeader (0) 4
5
groupSize (3)
prevTaskCount (0) Previous Task List
prevTasks . EMPTY - NO PREV TASKS

nextTaskCount (1)

- Next Task List

nextTasks

5

Figure 3.2: List of taskson a processar Linked list usedto storethe list of taskson a
processarThevaluesgiven arefor taskT3 whosetaskldis 3, is executedon 3 processors,
processof beingchosenasthe groupleader Thetaskhasno previoustasksandhasa
successotaskT5.
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When a taskis scheduledon a list of processorsa processolis designatedas the
groupleader Thetaskscommunicatevith eachotherfor signalng the startandendof a
particulartaskthroughthe groupleaders.The samplepseudacodein Figure3.3 explains
how theusercodeis modifiedsothatit canrunalongwith theemulatoifor thedependeng

graphof Figure2.6 andprocessoconfigurationn Table3.3.

T()
{
i f(nmyrank == group | eader) {
for each t = predecessor task {
G = group | eader of t;
receive(G "go");
}
distribute data to group;
} else {
recei ve data from group | eader;
}

set start and end;
conpute(start, end); // data parallelism(See ’Overview Chapter)

i f(nmyrank == groupl eader) {
for each processor in group {
receive results;

}

for each t = successor task {
G = groupl eader of t;
send(G "go");
}
} else {
send results to groupl eader;
}

}

Figure3.3: Modified usercodefor a task.
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Theemulatomprovidesto theparallelprogramtheglobaldatastructureghatwereallo-
catedfrom theuserinput. The processotfist for eachtaskis usedin distributing the data
and computatim amongthe processorassignedo the task. The groupleaderfor each
tasktakescareof distributing dataat synchronizatiorpointsandalsocommurcateswith
leadersof othertasks.As we canseefrom the pseudacodespecifiedabove, the number
of changess relatively small. The modificationsfor the tasksare similar irrespectve of

whatthetaskdoes.

3.3 MULTIPLE GRAPH IMPLEMENTATION

The basicemulatorframavork explainedabove can be usedonly for running parallel
programswith a singletask graphasin Figure 2.6. More featureswere addedto the
emulatorto run parallelprogramswith a taskgraphasin Figure 3.4. For the example
parallelprogramchosen(PHOENIX explainedin Section4.2 hassimilar characteristic)
with taskdependengshowvn in Figure3.4,thetasksT3’, T3”, andT3” arerelatedto T3
because¢hey work onthesamearraysA, B andC but performdifferentcomputatbn. The
tasksT3’, T3” andT3” arecalledinstancesf T3 becausehey areindependenbut read
thesamedataset.Similarly T4’, T4”, T4™ andT5’, T5”, T5"” areinstance®f T4 andT5

respectrely. A samplecomputatbn codefor instance®f T3 is given in Figure3.5.

Y

=& ® ©

Figure3.4: TaskGraphWith Replication

In the taskgraphgivenin Figure 3.4, it may be usefulto divide the replicasamong

the processorslependingon datalocality of the tasksin eachreplica. The emulatorcan
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conmput eT3(start, end)

{
i nput Alstart:end], B[start:end];

output C[start:end];
get | nput (T1, T2);
C=F(A B);

enabl eQut put ( T5) ;

%:onput eT3 (start, end)

{
i nput Alstart:end], B[start:end];

output C[start:end];
get | nput (T1, T2);
C=F (A B);

enabl eQut put ( T5) ;
}

Figure3.5: Examplecodefor instance®of T3 shavn in Figure2.6. NotethatT3 and T3’
readthe samedataset.

be usedto run thetasksbhasedn thesecharacteristicsTwo factorsneedto betakeninto

considerationn this case.

1. For the exampk chosentasksT3, T3', T3”, T3” work on the samedataset,and
executirg thosetasksserially canexploit datalocality. This will be usefulif the

amountof datainvolvedin eachtaskis large. Executirg thetasksT3, T4, T5 in the
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serialordermight resultin the datausedby T3 beingevicted by the time the task

T3’ startsexecutirg, resultingin disk reads.

2. However, instanceof T3 may producelarge amouns of datafor instanceof T5.
Executingall instancesof T3 might evict the dataproducedand henceresultsin

moredisk accessewhile executingT5.

We definea blocking factor to denotethe orderof executon of tasksin parallelpro-
gramswith replicasasin Figure 3.4. A blocking factor of b implies that we execute
b numberof instancedeforeexecutinganothersetof tasks. For the exampk given in
Figure3.4,if we areto executeall T3's, thenall T4’s andthenT5’s, the blocking factor
is 4. ExecutingthetasksT3, T4, T5, T3, T4', TS5, etc.,in thatorderis blocking factor
of 1. The Figure 3.6 displaysdifferentblocking factorsfor the taskgraphin Figure 3.4
andalsogives a possble taskexecutian order As we canseefrom thefiguretheblocking
factordetermineshepointatwhichthedottedline is placedin thefigure. Thedottedline
is like afence all thetaskson theleft of it needto be executedoeforecrossingt.

We extendedemulatorfor runningparallelprogramswith replicaswith differentpos-
sibleblockingfactorsvalues.In thefollowing sectionswe describenow theuserinterface

andtheimplementatn is extendedor runningthis classof programs.

3.3.1 USER INTERFACE

The userinterfacespecifiedin Section3.2.1is modifiedto represenproblemssimilar to

theonesdescribedn Figure3.4.

TASK LIST AND DEPENDENCIES

Thetasklist anddependenciesemainthe sameasin the basicemulatorsetup. Thetasks
T3 andtherelatedtaskswhichwork onthe samedatasetaregiventhe sametasklid. They

aredistinguishedy thereplicanumberasshavn in Figure3.7.
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Blocking Factor =
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Task Execution order : T3, T4, T5, T3’, T4, T5', T3”, T4”, T5”, T3, T4, TS

Blocking Factor =

T
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Task Execution order : T3, T3, T4, T4', T5, TS, T3”, T3, T4”, T4, T5”, TS

Blocking Factor =
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© @ ©®

Task Execution order : T3, T3, T3”, T3, T4, T4’, T4”, T4 T5, TS, T5", TS

Figure3.6: Exampledescribingblockingfactorappliedto taskgraphshovnin Figure3.4.
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replicaNum = 0;

taskld = 3;

taskVector[replicaNum [taskld] = T3();
taskVector[replicaNum [taskl d++] = T4();
taskVector[replicaNun][taskld++] = T5();
taskld = 3;

repl i caNumt+;

taskVector[replicaNum [taskld] = T3 ();
taskVector[replicaNum [taskld++] = T4 ();
taskVector[replicaNun][taskld++] = T5 ();

Figure3.7: Codedescribingthe mappingbetweertasklist in thefile andthetasksin the
program.

PROCESSOR ASSIGNMENT

The specificationfile hasan extra field to specifywhetherto executethe tasksin serial
orderor to executetheinstancesTheblocking factoris given asacommandine option to
theprogram.Dependingnits value,theemulatordetermineshefencesn thetaskgraph
asexplainedin Section3.3. Table3.4 givesanexampk of how the processoassignnent

for ataskgraphgivenin Figure3.4,is specified.

Mode | TaskCodel NumPocs| ProcList
A 3 2 0 1
D 4 2 2 3
D 5 3 1 2 3

Table 3.4: ProcessoAssignnent for taskgraphin Figure3.4. Modeis usedfor deter
mining the order of tasks, TaskCodedentifiesthe taskand NumPocsis the numberof
processordo be run on. ProclList givesranksfor processorsised,MPI takes care of
assigninganksto the processorghatareusedfor runningthe program.
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The Modecolumnis usedto determinethe order of executian of tasksbetweentwo

fencesn thetaskgraph.Therearetwo differentmodesasexplainedbelow.

1. If the Modeis 'A’, all the instancedetweenthe fenceswith the given taskldare
executed Assumngthattheblockingfactoris 2, for theexamplein Table3.4,tasks
with taskld=0 andreplicanumberbetweer0 and1 areexecutedfirst. Hence tasks

T3 andT3’ areexecutedbeforeexecutirg T4.

2. If theModeis 'D’, all the tasksare executedin serialorder For the examplein
Table3.4,thelast2 entrieshave a’D’ for Mode Sotaskswith ID’s 1 and2, and
replicanumberdetweer0 andl, areexecutedserially yielding anexecutian order

of T4,T5,T4 andT5'.

Theorderof executionof tasksbasednthetaskgraphof Figure3.4,processoassign-
mentof Table3.4 anda blocking factorof 2 is given in Figure 3.8. The new setup can
be usedfor runninga programthatdoesnot have ary replicasby just settingthe startand
endingreplicanumberas0 andMode as’D’. The approaclcanbe usedfor any regular

graphasin Figure3.4.

‘T3 ‘ T3 TS | T3" | T3 | T4 | T5” | T4 | TS”

T4 ‘ TS5 ‘ T4

Figure 3.8: Taskexecutionorderfor the tasksin Figure 3.4 with a processoassignrent
in Table3.4.

3.3.2 IMPLEMENTATION DETAILS

The usermusthardcodeall the taskswith the replicanumberandthetaskidasshown in

Section3.3.1. The structurespecifiedin Figure 3.2, is modifiedto Figure 3.9, to store
informationaboutthe replicas. Threeextra fields, direction startReplandendReplare
addedo thedatastructure.Basedon the valueof blockingfactor startReplandendRepl

aresetto the startandthe endingreplicanumbersetweertwo fences.
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taskList

\i

’ ' Function Pointer Array

taskld (3)

T3

groupLeader (0)

g A Wy
v

groupSize (3)

Previous Task List
prevTaskCount (0)

prevTasks = EMPTY - NO PREV TASKS

nextTaskCount (1) _
Next Task List

nextTasks

\

5

direction (A)

startRepl (2)

endRepl (3)

Figure3.9: List of taskson a processarModified tasklist structurefor handlirg replicas.
The valuesshowvn arefor executirg the T3” and T3, which areinstancesf T3, on 3
processors.
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Thelinkedlist specifieghe orderin which the tasksare executed.The emulatortra-
verseghislinkedlist, executingthetasks.If it encounters taskwith a directionparam-
eterof 'D’, it executesall subsequentiasksuntil eitheran’A’ in encounterear the last
replicais executed.Thedirectionof ‘A’ signifiesan executon of theinstancesn thelist
of replicasspecifiedby the startReplandendRepl

For example for theprocessoassignrentin Table3.4for thetaskgraphin Figure3.6
anda blocking factorof 2, a compressedersionof the linked list is givenin Table 3.5.
Thefirst elementin thelinkedlist is task T3 andhasthedirectionfield '"A’. Hence tasks
T3 andT3 areexecutedirst. Whentheemulatorseesataskwith thedirectionfield of ‘D’
for anelement,t executeghe taskinstancewith the replicanumter given by startRepl|
andrepeatghis for successoelementsn thelist with the directionfield of 'D’. Whenit
finishesexecuting all instancesith replicanumberof startRep] it repeatghe procedure
for theremainingvaluesof betweenstartRepl andendRenpl In thelist of Figure3.5,the
emulatorexecutestasksT4, T5, T4’ andT5’ in thatorder The startRepland endRepl
valuesaresetby the TAP basedntheblocking factor sotheorderof executia is strictly

enforced.

Mode TaskCode NumProcs ProcList startRepl endRepl

A 3 2 0 1 0 JD

D 4 2 2 3 0 D
D 5 3 1 2|3 0

Table3.5: Tasklist generatedy TAP. Linkedlist specifieshe orderof executionof the
tasks.




CHAPTER 4

PERFORMANCE

This section presentsexperimentalresultsusing TAP for finding effective processor
assignmergtin parallelprograms.In thefirst sectionwe presenthe resultsof testingthe
performanceof out-of-coreprogramswherethe datausedby the programdoesnotfit in
memory with the taskgraphgivenin Figure2.6. The next sectiondiscussefiov TAP
wasusedfor studyingthe behaior of PHOENIX, a scientificparallelprogram.

The experimentalervironmentusedis a network of SunSolarisUIltra-5 workstations
connectedby a 100Mbps LAN with 128MB RAM and 330MB swap spaceon each
machine. However the actualamountof memoryavailable to applicationsis lessthan
90MB, becausédhe restis usedby the operatingsystem. The only applicationthat was

runningon the workstatiors during experimentsvasthe programbeingtested.

4.1 OuUT OF CORE TESTS

The amountof dataeachtaskworks on influenceshe performanceof the application. If
ataskbecomesut of core,performancdendsto degradesignificantly Allocating extra
processoro dataintensve tasksmayresultin betterperformanceln this sectionwe will

examineout-of-coretaskbehaior throughsereralexperimens.

4.1.1 SINGLE TASK TEST

For this testwe parallelizedthe dataparallelcodefor task T3 of Figure4.1 (whichis the

sameasFigure2.6 but reprintedherefor corvenience)givenin Figure4.2. The program

26
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performsanarrayaddition. This programwastestedwith differentprocessoassignnents
while increasingthe size of arraysusedfor eachtest. The tablein Table4.1 givesthe

performanceresults;the first column shaws the result of running the programon five

processorsandthe secondccolumnfor tenprocessors.

)

Figure4.1: Taskgraphfor testirg theperformancef a parallelprogramwhenit becomes
outof core.

T()

{

/1 Sinmple array addition

for i = 0 to | oopCount
A=B+ C+ D+ E

}

Figure4.2: Sampledataparallelcodeusedfor testingout-of-corebehaior.

NumProcs
5 10 Improvement
Data Size(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. Resultsshavn arethe executiontime runningthe program
on 5 processoand10 processorsDataSizeis thetotal memoryusedby all arraysin the
program.

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

first threetests. For the fourth test, the datawill notfit in the aggrgatememaoryof five
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processorsresultirg in poor performance. Doubling the numberof processomgives a
20 fold improvementfor this test, becauseahe datafits in the aggrggatememoryof ten
processorsAssigning extra processorso a dataintensve tasklike T3 will likely resultin
betterperformanceFor example, with theinitial processoassignmenin Table4.2,if the
taskT3 become®utof core,assigningour processor$o T3 andjustoneprocessoto T4

will likely give betterperformance.

TaskCode| NumPocs| ProcList
3 3 01 2
4 2 3 4
5 3 1 2 3

Table4.2: SampleprocessoAssignnentfor thetaskgraphin Figure4.1

4.1.2 THREE TASK TEST

As we have mentioredin Sectionl, dataparallelismdoesnot scalewell beyonda certain
point, and henceassigningmore processorgo a certaintask may not always improve
performance.Considerthe taskgraphin Figure4.1. TasksT3, T4 andT5 arerun with
two differentprocessorconfigurationshowvn in Table4.3andTable4.4. Table4.5 gives

theresultsobtainedfrom thetests.

Task | ProcessiList

T3 10,1,2,3

T4 | 4,5,6,7

T5 [0.1,2,3,4,5,6,7

Table 4.3: Taskand Data parallelism. In this configurationthe tasksT3, T4 executed
by differentsetof processorandoncethosetasksare done,all processorsre usedfor
runningT5.

Theresultsshav thatusingfew processoratsmallerdatasizess useful. Thecommu-
nicationoverheador a parallelprogramincreasesaswe increasehe numberof proces-

sors.Thiscompensatefor the gainin performancebtainedoy distributing computatbn
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Task | ProcessiList

T3 10,1,2,3,4,5,6,7
T4 10,1,2,3,4,5,6,7
T5 |0.1,2,3,4,5,6,7

Table4.4: PureDataparallelism In this tasksareexecutedoneafterthe other;eachtask
is executedon all processors.

Configuition | TaskandData | Data
Data Size(MB) Time(s) Time(s)

8 0.049 0.063
32 0.165 0.171
128 1.424 1.336

Table4.5: Comparisorof configurationsn Table4.3andTable4.4. DataSizeis thetotal
memoryusedfor arraysin tasksT3, T4, T5.

amongmoreprocessorsHencethe processoassignmenin Table4.3 givesbetterperfor

mance asfour processorgachareusedfor tasksT3 andT4.

4.1.3 REPLICATED TASKS

Figure4.3gives anexampleof ataskgraphwith sixteenreplicasof tasksT1 andT2, each
executingthe codeshown in Figure4.4. The programwasrun on two processorsvith
ablockingfactorof 1. Thetestswererun with two differentprocessoconfigurationsas

shawvn below.

1. Data parallel : Both the processorsvork on eachtask. This hasthe adwantage
of larger aggrgyate memorybut often doesnot scaledue to communication and

synchronizatia overhead.
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2. Taskparallel : Instance®f T1andT2 arerunondistinctprocessorsEachprocessor

workson all theinstance®f ataskandhencefewer processorarerequired.

@ @ @

@ @ @

Figure4.3: Replicatedtasksgraph. T1, T1' etcareinstanceof T1 andT2, T2’ etcare
instance®f T2. Instance®f a particulartaskwork on the samedataset.

T1()

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

Table4.6 gives theresultsof the testswith andwithout synchronizatinin eachtask.
Synchronizatiorwas addedto the original codeby addingbarriers. Following obsena-

tionscanbe madefrom theresultsin Table4.6.

1. No Syndironization : Whenthedatasizeis smallthereis notmuchdifferencen the
performancef eitherapproachegdowever whenthedatasizeis increaseaunning

thetasksusingtaskparallelismdegradeshe performanceasthe tasksbecomeout
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of core.In dataparallelapproachboththeprocessorsvork on ataskandhencethe

aggrgatememoryfits the dataresultingin betterperformance.

. Syntronization: Whenthe datasizeis smallthe performanceof the dataparallel
approachdegradeshecausef the synchronizatia overhead. The performancef a
taskparallelprogramdoesnot getaffectedmuchbecaus@f lower synchronizatn

overheadHoweverasthetaskbecome®utof coredataparallelismperformsbetter
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No Syndironization \ Syndtironization
Configuition
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: Performanceesultsfor replicatedtaskgraphin Figure4.3. Array sizeis the
numberof integersin eachof arraysusedfor T1 andT2. The secondandthird columns
give resultsof testsdoneby doingsimgde arrayadditionwith no synchronizationfourth
andfifth columnsgive resultswith synchronizatia overhead.

4.2 PHOENIX

PHOENIX is a scientific applicationusedfor computingwavelengthsof light emitted
from stars. The programis written usingFORTRAN andMPI [6]. The programhasa
taskdependenggraphof Figure4.5replicatedmorethanthousandtimes,with no depen-
denciesamongreplicas.

Characteistics of theimplementationof PHOENIX arespecifiedbelow.

1. Instance®f tasksT1 andT2 readthewavelenghsondiskin blocksof size128KB.
The datasetreadis the samefor someinstancef a task, and henceexecuting
themserially exploits datalocality. For example,thefirst tenreplicasmaywork on
blocks1-16,thenthe next tenreplicaswork on blocks17-32,andsoon. Instances
follow a buffer-basedapproachwherea memorybuffer is usedto storethe blocks
read. The buffer sizeinfluencesthe total memorybeing usedby the application.

Increasingthe buffer sizeimprovesthe performanceof instancesf tasksT1 and
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Figure4.5: PHOENIXtaskgraph

T2, but negatively affectsthe performanceof othertasks.The total amountof data
readfrom thedisk by thewholeapplicationis in terabytesabout20-100MBdatais

readby eachreplica.

. Instancesof T3 accessabout 1IMB and produceabout 20-100MB of data for
instancesof T7 in eachreplica. Hence,executingeachinstanceof T7 after a

instanceof T3 exploits thedatalocality.

. Instance®f thetasksT1, T2, andT3 eachproducelKB of datafor T4-instances.
Hence,it is importantto make surethatthe datarequiredby instancesof T4 is not

evictedfrom memorybeforetheinstancesstartexecution
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4. Instance®f tasksT5 and T6 do not significantlyinfluencethe performanceof the

application.

5. Within a replica, executng differenttaskson differentprocessorsesultsin com-
munication overheadbecauseof the datadistribution requiredbetweentasksin a
replica. Hence,the replicasare divided amongthe processorandthe tasksin a

replicaarerun onasingleprocessar

As we canseefrom the task characteristice&xplainedabove, it is quite complex to
determinghebehaior of PHOENIX with differentprocessoassignnents. The emulator

wasusedfor testinga scaleddown implementationof PHOENIX code.

4.2.1 HORIZONTAL EXECUTION

In thefirst setof teststhe buffer-basedapproachwas modifiedto a horizantal execution
approacho minimize the size of the buffer, which resultsin betterperformance.n the
buffer-basedapproachblocksarereadandstoredin thebuffer. If thebuffer is full, ablock
is evicted by usinga standardeplacemenstratey suchasLRU. If the successoreplica
requiresthe evicted block it is re-readfrom the disk. Imaginea scenariowheretasks
T1 andT1' read15 consecutre blocksandthe buffer is big enoughto hold 10 blocks.
Sequentiahccesf blocksmay resultin every block beingreadfrom the disk for tasks
TlandT1l

In the horizontal-&ecutionapproacha block will never have to be readmore than
once. We achieve this by performingthe computatio on all the replicasthatrequirethe
block. This canbe donein PHOENIX becausavithin areplica,the wavelengthgeadare
accesseth sequencandonly once.Henceour approachs to reada block of datafrom
disk, computeall replicasthat work on that block, thenreadthe next block, etc. This

approachwill decreaséhesizeof buffer usedfor thetasksto asingle block. Also thedata
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readis morelikely to fit in the hardwarememorycacheof 512KB, speedingup memory
access.

The buffer-basedandthe horizontal-&ecutionapproacheserecomparedy running
80 instancesachof T1 andT2 on a singleworkstation. The codeexecutedby the tasks
was modified to do somesimge array addition, which was adequatdo representhe
actualproblem. Thefocusis to obsenre the performancewith differentapproachesised
for accessinglocks. Thebuffer-basedapproactwasoptimizedsothateachreplicaworks
on blocksthatare presenin the buffer beforegoingto disk to fetchthe requiredblocks.
Forexampk, if tasksT1 andT1" work onblocks0-19andthebuffer canhold 10 blocks,at
thecompletian of T1 blocks10-19will bein thebuffer. HenceT1’ worksonthoseblocks
beforefetchingblocks0-9. HenceT1 hasamissrateof 1.0andT1’ 0.5for buffer-based
approachwheremissrateis definedasthe percentagef failuresto find the block in the
buffer.

The block accesgatternsfor instancesf tasksT1 and T2 of eachreplicainfluence
theperformancef boththeapproachesThedifferentaccespatternausedfor the perfor
manceanalysisaregivenin Table4.7;t denoteghereplicanumber Thefirst two patterns
have amissrateof 1.0for bothapproacheastheblock needgo befetchedfrom thedisk
everytime. In testcased, thefirst two replicaswork on blocks0-19,the next two replicas
work on blocks10-29andso on. For the buffer-basedapproachtestcase4 gives miss
ratesof 1.0,0.5,1.0,0.5, etcfor theinstance®f T1 andinstance®f T2, with a buffer to
hold 10 blocks;testcase7 hasa missrateof 0.0for all theinstancesxceptthefirst one,
whereall blocksneedto be broughtinto the buffer. The missrate for other patternsis
high with buffer-basedapproachTable4.8 givestheresultsof boththe approachessing
a10-blockbuffer.

As we canseefrom theresultsin Table4.8, the horizontalexecuton approachgives
betterperformancevith mostof the patternsin thefirst two tests,it doesnot outperform

block basedapproachhecausehe missrateis the samefor both approachesin 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 O+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)/26)*80 | ((t+15)/16)*80-1| 0-79,0-79,..16times 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 accesatterns.Differentpatternsusedfor comparingthe buffer based
andhorizontalexecuton approaches denoteshereplicanumber

testcasehorizontalexecutian wasbetterbecausehe blocksreadfit in hardwarememory
cache.

Theperformancef instance®f T1 andinstance®f T2 canbeimprovedby increasing
the size of the buffer. However, asprevioudy said,this affectsthe performanceof other
tasks.This wastestedby seeingthe behaior of PHOENIX varyingthe buffer size. Con-
siderthe processomssignrentin Table4.9,for thetaskgraphgiven in Figure4.5,where
tasksT1-T7 have taskcodesof 0-6. All the tasksarerun on a single processotbut the
orderingof replicasis determinedy the directionspecifiedfor eachtask.

The PHOENIX programwasscaled-dwn asspecifiedin Table4.10for runningon a
singleworkstation. The focusof this testis to studythe behaior of the programwith a
particulardiskandmemoryaccespatterns Hencethe PHOENIX codewasmimickedby
performingsimpledatamanipulatio. Threedifferentblock accesgatternswveretested.
Thepatternsvere(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 increasinghe memorycachefor 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 comparisorof buffer basedandhorizontalexecution approaches.

Mode | TaskCodel NumPocs | 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: ProcessoAssignnentfor observingthe behaior of buffer basedapproachoy
increasinghebuffer sizefor T1 andT2

Theresultsshawv thatthe performancef thebuffer basedcapproachbecomesvorseby
increasinghebuffer sizewith pattern®2 and3. Thisis becaus®f thefactthatincreasing
the buffer sizedecreasethe amountof memoryavailableto the othertasks. Becauseof
thisthedataproducedy instance®f tasksT1 and T2 for instance®f T4 is evictedfrom
memory the performancef instance®f T4 suffersgreatlyasthedataneeddo bere-read

from thedisk. In the horizontalexecuton approachye usea single block buffer.
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NumberOf Replicas 320
Dataproducedy eachinstanceof T1 andT2 | 10KB
Dataaccessetly instance®f T3 1MB
Dataproducedoy T3 20MB

Table4.10: Charaderistics of 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:Performancevhenwe increasehebuffer sizefor T1andT2. Theresultsshav
thetime takenfor testswith 10-blockand40-blockbuffer for buffer basedapproachWe
useasingleblock buffer for horizontalexecutian.

4.2.2 BLOCKING FACTOR

In the previous sectionwe saw that using horizontalexecutioncanimprove the perfor
mancewhencomparedo the original approach.The performanceesultsobtainedn the
previoussectionsverewith a blocking factorequalto thenumker of replicas.Varyingthe
blockingfactorinfluenceghe performanceof the parallelprogram.If instancesf tasks
T1andT2, producelarge amountsof dataa higherblockingfactorresultsin evicting the
dataproducedby thesetasksandwill degradethe performanceof instancesof T4. A
smallerblocking factor may not be ableto take advantageof datalocality for instances
of T1 (aswell asfor instancesf T2). The emulatorcanbe usedfor finding a suitable
blockingfactorto give goodperformance.

Table4.13givestheresultsof testsdonevaryingthe blockingfactorfor the program

with the characteristicglivenin Table4.12andusingthe horizontalexecuton approach.
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We seefrom the resultsin Table4.13thatthereis not a significantdifferencein perfor
mancewhen the blocking factoris 16 and above. Better performancewith a blocking
factorof 16 whencomparedo blocking factorof 1024is mostlikely dueto hardware
memorycachingof dataproducedby thetasks.This behaior is influencedby the block
accesgatternthatwaschoserfor tasksT1 andT2. With horizontalexecuton usedfor a
block accesgatternof 16 replicasof 0-15, 16 replicasof 16-31etc, usingary blocking
factorwhichis a multiple of 16 exploits the datalocality of thetaskwherea blockis read
atmostonce.However whenthe blockingfactoris smallerthan16, eachblock hasto be

readmorethanonce;hencethe performancéecomesvorse.

NumberOf Replicas 1024
Dataproducedyy eachinstanceof T1 andT?2 1KB

Block accesgatternof T1 andT2 0-15[16],16-31[16],..
Dataaccessedly instance®f T3 1MB
Dataproducedoy T3 1MB

Table4.12:1n-coreblockingfactortest. Amountof datainvolvedin the programusedfor
obtaininga goodblockingfactor Thevaluein the bracein the examplefor block access
patternis the numberof consecutie replicaswhich have the specificpatternspecified.

BlocingFactor | 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

Table 4.13: Performanceesultsobtainedby varying the blocking factorfor anin-core
programwith characteisticsgivenin Table4.12.

Largerblockingfactorswill affecttheperformancef thedataproducedoy T1 andT2

getsevicted beforeT4 startsexecution Table4.15givesthe executiontime of instances
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of tasksT1, T2 andT4 with differentblockingfactorvaluesfor the PHOENIX codewith

the characteristicgivenin Table4.14andthe processoassignmenin Table4.9.

NumberOf Replicas 512
Dataproducedoy eachinstanceof T1 andT2 100KB

Block accesgpatternof T1 andT2 0-31[32],32-63[32],..
Dataaccessedly instance®f T3 1MB
Dataproducedoy T3 10MB

Table 4.14: Out-of-coe blodcking factor test. Amount of datainvolved in out of core
programusedfor testingthe blockingfactor

BlocingFactor 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 | 520 | 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

Table 4.15: Performancevhenwe vary the blocking factorfor an out of core program
with characteristicgivenin Table4.14. Total timeincludesall tasks,thouch only 3 are
shawn.

Thefollowing obsenatiors canbe madefrom theresultsshovn in Table4.15.

1. As we decreasehe blocking factor the time to executeinstancef tasksT1 and

T2 increasesThisis becauséiigherblockingfactorvaluesexploit datalocality.

2. Theperformancef instance®f T4 improves by decreasingheblockingfactor We
canseethatat the blockingfactorof 512thetime takento executeinstance®f T4
is large becauséhe dataproducedoy instance®f tasksT1 and T2 for instancesof

T4 hasbeenevicted beforeit startedts executpn.
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3. Thetotaltime takenis influencedby the previoustwo factors.The blockingfactor
valuesof 16, 32, 64 give a goodoverall performancen this testcase,with 16 the

best(theresultswith blockingfactorl6 areshavn in boldfacein Table4.15).

4.3 DISCUSSION

TheresultsobtainedusingTAP on PHOENIX canbeusedfor improving the performance.
We saw that horizontalexecutionresultsin speed-ugdor the simulatedPHOENIX pro-
gram. We are expectingsimilar resultsin improvementafter PHOENIX is modifiedfor
implementing the new approach. The resultsfor the blocking factortestsyield further
improvementin performanceof the simulatedprogram. We seethat using a blocking
factorvalueequalto the patternsizeresultsin significantimprovementin performancelf
timeis animportantfactorfor doingsimuationsa blockingfactorequalto patternsizeis
likely to give betterresults.Thereplicascanbe dividedamongdifferentprocessorbased
on the blocking factor If thereare enoughprocessorsthe replicasbetweentwo fences

couldberunonasingle processar



CHAPTER 5

RELATED WORK

In this section,we discussthe relatedwork donein integrating task and dataparallel
programs processomlssignmentefficient I/O techniquedor out-of-coreprogramsand

datamodelsfor improving the performancef out-coreprograms.

INTEGRATED PARALLEL PROGRAMS

Considerablevork hasbeendonein exploiting the advantagesof integrating task and
dataparallelism.For example,integratedparallelismwasusedin [17, 4] to obtainbetter
speed-upsomparedo eitherpuretaskparallelismor puredataparallelism[8, 14]. Gross
et al. [7] developeda Fortran compiler that producesintegratedtask and data parallel
code.Theuserneeddo identify opportuniiesfor taskparallelismandthe compilertakes
care of task creationand communicationbetweentasks. The compiler identifiesdata
parallelsubroutinesandthey areusedasunitsfor taskparallelism. Detailedanalysisof
thebenefitoof mixeddataandtaskparallelismareprovidedby Chakrabartetal. [4]. They
developeda modelto estimatethe gainsof mixeddataandtaskparallelismandshow that
the integratedapproachis betterwhen either commurication is slow or the numberof
processorss large. ThelanguageBraid [17] developedby WestandGrimshav integrates
taskand dataparallelism. Braid programmingmodelis a dataparallelextensionto the
MentalProgrammind.anguage(MPL)whichis anobject-orientedaskparallellanguage
in C++. Bal andHasser[8] presenta programming modelthatintegratestaskanddata

parallelismusingsharedbjects.Thesharedbjectsareusedfor communicatingbetween
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processorsstoringshareddataandfor distribution of work in adataparallelway. Alok et.
al. [1] developeda semantionodelfor communicatio betweentwo data-paralletasks.
Bal andHaineg[2] discusdifferentapproacheaswell aslanguageso integratetaskand

dataparallelism.They discusghe approachefollowedandthe problems.

PROCESSOR ASSIGNMENT

SubhlokandVondron[16] developedanalgorithmfor determiningaprocessoassignnent
for a chainof tasksthatoptimizeslateng in the presencef throughputconstraints The
paperdescribesa generalandrealisticmodelof inter-taskcommuncationandaddresses
the entireproblemof mapping which includesclusteringtasksinto modules assignnent
of processorso modules,andpossibé replicationof moduks. Andrei andCristina[13]
describeCPR (Critical Path Reduction),a compile-tme heuristicfor schedulig depen-
dencegraphsof coarse-grairdata-parallektasks. The paperhonvn CPR canbe usedfor
schedulingtaskson processordor arbitrary topolagies. Ramasvamy et al. [15] used
convex programmingo find the numberof processorgachtaskcanbe executedon and

thenschedulinghemusinga list-basedalgorithm

|/O TECHNIQUES FOR OUT-OF-CORE PROGRAMS

Out of coreparallelprogramshave beenof interestin the parallelprogrammingcircles.
Demke’s [5] paperdiscusses fully automatt techniqueto prefetchfor out-of-coresci-
entific applications.Compilertechniquesare usedto determinethe future accesgatters
for managinglatareads.Li et. al. [10] present framavork for synthesting I/O efficient
out-of-coreprogramdor blockrecursve algorithns, suchasFastFourier Transform(FFT)
and block matrix transpositn algorithns. They capturethe semanticof block-gyclic
datadistributions of out-of-coredataandalsodataaccesgatterns.They usethatinfor-

mationfor determiningthe datadistribution for improving the performance.Jarekand
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Foster[11] describea programmingnodelfor adisk-basedepresentationf anarrayand
provide functionsfor transferringblocksof databetweerglobalarraysanddisk resident
arrays,allowing usersto accessdatalocatedon disk via a simpleinterface. However,
the userhasto take careof transferringsectionsof thesedisk arraysdependingon the

availablemainmemoryfor computation

DATA MODELS FOR OUT-OF-CORE PROGRAMS

Rajeshet. al. [3] presenta datastoragemodelthatallows processorindependenaccess
to their own dataanda correspondingompilation stratgy that integratesdata-parallel
computaton with datadistribution for out-of-coreproblems Kennedyet. al. [12] devel-
opedacompilerbasedapproactwherethecomputatbnsaredelayedill thedatarequired
becomeswvailable.ThecompilertechniquesievelopedchoreograpO of theapplication
basedon high-level programmeiannotationsimilar to FortranD’s DECOMPOSITION,
ALIGN andDISTRIBUTE statemers. Kandemiret. al. [9] proposea datalayout opti-
mization for alleviating the problemof excessve 1/0O calls. The layout usescompiler
analysisto obtainhigh level information aboutthe dataaccesgattern. This information

is pluggedinto the run-timesystem.

TAP canbe usedasatestbedfor the existing approacheso determineprocessonssign-
ments. For exampk, compiletime heuristicsin CPR canbe usedfor selectingthe pro-
cessorassignmentso be testedwith TAP. The mappingresultsobtainedfor processor

assignmergtcanberunwith TAP to find estimatedor synthetc parallelprograms.



CHAPTER 6

CONCLUSIONS AND FUTURE WORK

Integratingtask and dataparallelismis importantfor practicalapplicationsandis often
necessaryor good performance.Determiningprocessomassignmentsin theseclassof
problemsis comple, andfor dataintensve problems executirg mary sampletestruns
may not be feasible. TAP is an emulatortool that canbe usedfor runninga portion of
the parallelprogramor a scaled-davn versionof the programto determinegoodassign-
ments. The paperpresentdiow the emulatorcanbe usedfor instrunmentingparallelpro-
gramsto run themwith differentprocessomssignmerst. With a goodunderstandig of
theemulatorcode,it canbe usedfor determiningthe behaior of a parallelprogram.We
shavedhow the performancef arny applicationdegradesf a particulartaskbecome®ut
of core. Hence,allocatingextra processorso dataintensve tasksimprovesthe perfor
mance. TAP wasusedto studythe behaior of PHOENIX, andwe obsenred that modi-
fying the buffer basedapproacho horizontalexecutionapproachgave big improvement
in performance.The performanceavasfurther improved by choosinga properblocking
factorfor thereplicasin PHOENIX.

As of now, TAP canbe usedfor running parallel programwith regular task depen-
deng graphs.In thefutureit shouldbe possibleto supportarbitrarygraphsfor obtaining
thebehaior of ary parallelprogram.Anotherfuturepossiliity includemodifying TAP to
supportdynamicprocessoassignment. Finally, theapproactcurrentlyfollowedrequires

userinterventionfor modifying TAP andthe applicationbeforedoingtests.In thefuture,
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theemulatorcouldbeautomatedo make it easyfor theuser It canbe modifiedto instru-
mentthe application with the emulatorcode and runningthe applicationwith different

processoconfigurations.
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