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Abstract

Parallel and distributed processingprovide massie computationapower demandedy moderncom-
puting. The developmentof properlydesignedparallellibrariesis crucial for the advancemenbf parallel
processingand moving parallelcomputinginto the mainstream.The StandardTemplateAdaptive Parallel
Library (STAPL) is aparallellibrary designedsasupersedf the(sequentialANSI C++ Standardiemplate
Library (STL). STAPL providesroutinesthat areeasilyinterchangeableith their sequentiatounterparts
andallows usersto executeprogramson uni- or multiprocessosystemshat utilize sharedor distributed
memory insulatinglessexperiencedisersfrom managingparallelismand,at the sametime, allowing more
sophisticatediserssufcient controlto achiere higherperformanceains[1].

Ourresearchis focusedon designingandimplementinga setof parallelsortingandselectioralgorithms
in STAPL. This papemwill usethe SelectionProblem(Nth ElementAlgorithm) asanexampleof a parallel
algorithm and discussthe way it is implementedn the STAPL ervironment. Our goal is to designthe
mostappropriatealgorithmsfor STAPL parallellibrary thatwill provide goodef ciency withoutsacri cing
generalityandportability.

This researchsupportedn partby NSF GrantsEIA-0103742,ACR-0081510ACR-0113971CCR-0113974EIA-9810937,
ACI-0326350andby the DOE.

Work performedat the ParasolLab duringresearchnternshipin Summer2005andsupportedy the CRA DistributedMentor
Project.
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1 Intr oduction

Parallelanddistributed processingrovide massie computationapowver demandedy the cominggener
ation of scienti ¢ and engineeringapplications.However, the complity of parallelarchitecturegener
ally makesthe constructionof parallelanddistributed applicationsnotoriouslydif cult. The development
of userfriendly parallellibrariesis crucial for the advancemenbf parallelprocessingand moving parallel
computinginto themainstreamln particular thereis agrowing needfor properlydesignedarallellibraries
thatnot only provide viable meandor achiesing scalableperformanceacrossa variety of applicationsand
architectureshut alsoallow userswith varyinglevels of experiencemanagehe compleity of paralleland
distributedprogramming Simply said,parallellibrariesshouldbe easyto usefor userswith low experience,
yet powerful enoughto be usefulto moreexperiencedusers.This may be achiezed by allowing necessary
e xibility aswell asproviding anavenuefor futureimprovement.

Sortingis afundamentiabperationthatis usedin alarge rangeof applicationspanningooththescien-
tic andcommerciakealms. Therearemary sequentiabndparallelsolutionsthatareinterestingto study
andto theoreticallyanalyze. Most sorting algorithmsare relatively easyto understandwhich allows to
make straightforvard comparisondetweerthe parallelandsequentialersions.

Oneof the primitivescommonlyusedfor sortingis the SelectionProblem.STL providesthis operation
asstd::nth  _element . The Nth Elementalgorithm partially ordersa rangeof elements.It arranges
elementssuchthatthe elementiocatedin the nth positionis the sameasit would beif the entirerangeof
elementdhadbeensorted.Additionally, noneof the elementsn therange[nth, last) islessthanary
of theelementsn therange]first, nth) . Thereis no guaranteeegardingtherelatve orderwithin the
sub-rangeffirst, nth) and[nth, last) . OneofthecommonusedortheNth Elementalgorithm
is nding the medianwithin alarge collectionof elementsn the casewhenthe entirerangedoesnot need
to besorted.

Parallel SelectionProblemis an interestingproblemto studybecauseét requiresbothcommunication
andcomputationlf theinput datato be sortedis toolargeto t in auniprocessos cache pperatingon this
datasequentiallycantake entirelytoo long becaus@f the memoryaccesdottleneck.In thesecasesgdoing
the operationin parallelcanyield a signi cant speedupver the sequentiakolution.

2 STAPL Overview

The StandardremplateAdaptive ParallelLibrary (STAPL) is a parallellibrary designedasa supersebf the
(sequentialANSI C++ StandardremplateLibrary (STL). STAPL offersthe parallelsystemprogrammesa
sharedbbjectview of thedataspace.Theobjectsaredistributedacrosghe memoryhierarchywhich canbe
sharedand/ordistributedaddresspacesinternal STAPL mechanismassurenautomatidranslationfrom
onespaceto another presentingo the lessexperiencedusera uni ed dataspace.For more experienced
usersthelocal/remotedistinctionof accessesanbe exposedandperformancenhanced.

STAPL supportstheSPMDmodelof parallelismwith essentiallthesameconsisteng modelasOpenMP
The STAPL infrastructureconsistf platformindependenandplatformdependentomponentsTheseare
revealedto the programmeamt anappropriatdevel of detailthrougha hierarchyof abstracinterfaces.The
platformindependentomponentsncludethe coreparallellibrary, a view of a genericparallel/distrilited
machine andanabstracinterfaceto thecommunicatioribrary andrun-timesystem2].

2.1 STAPL Components

STL providesuserswith a collectionof containersalgorithmsanda mechanisnto abstracidataaccess
iterators. In a similar manner STAPL providesuserswith parallelcontainergpContainers ), parallel
algorithms(pAlgorithms ) andanentirelynewn constructcalledpRange which allows randomacces$o
elementsn apContainer



“ParallelAlgorithmsin STAPL...", Tikhonova etal. TR05-005,ParasolLab, TexasA&M, August2005 2

Run-time System
ARMI Communication Scheduler Executor Performance
Library Monitor

g
e
2
D
=
o

s
©
=
=%
©
=

<

Pthreads

Figurel: STAPL components.

pContainers: The core STAPL library consistsof pContainers  (distributed data structureswith
parallelmethodslandpAlgorithms  (parallelalgorithms). The pContainer is the parallelequialent
of the STL container Its datais distributed but the programmeiis offereda shared-memorgbjectview.
ThepContainer  distribution canbeuserspeci edor computecautomatically Currently STAPL hastwo
pContainers thatdonothave STL equialents:parallelmatrix (pMatrix ) andparallelgraph(pGraph )
[2].

pAlgorithms: pAlgorithms  areparallelequivalentsof algorithms.pAlgorithmsaresetsof parallel
taskobjectswhich provide basicfunctionality boundwith thepContainer by pRange. Inputfor parallel
tasksis speci ed by the pRange, (intermediateyesultsarestoredin pContainers , andARMI is used
for communicatiorbetweerparalleltasks.STAPL providesparallelSTL equvalents(copy, nd, sort,etc.),
aswell asgraphandmatrix algorithms.

pRange pRange providesasharediiew of adistributedwork space pRange is dividedinto subran -
ges. Subranges of thepRange areexecutablgasks.A taskconsistf afunctionobjectanda descrip-
tion of thedatato whichit is applied.pRange alsosupportgarallelexecution.It providesa cleanexpres-
sionof computatiorasparalleltaskgraphandstoresDataDependenc&raphs(DDGs) usedin processing
subranges .

ARMI Communication Library: STAPL's ARMI (Adaptive RemoteMethod Invocation)Communi-
cation Library usesthe remotemethodinvocation(RMI) communicatiomabstractiorthat assuresnutual
exclusionat the destinationbut hidesthe lower level implementatione.g.,lower level protocolssuchas
MPI, OpenMPR Pthreadsandmixed modeoperation)2].

2.2 Adaptive Algorithm SelectionFramework

A fundamentathallengéefor parallelcomputingis writing portableprogramghatperformwell on multiple
platformsor for varying input sizesandtypes. This may be very dif cult becauseerformancef often
sensitve to the systemarchitecturethe runtimeenvironment,andinput datacharacteristicsThis challenge
existsfor parallelanddistributed systemsaswell, dueto thewide variety of systemarchitecturesin addi-
tion, the otherclassicparallelcomputingtrade-ofs suchasparallelmanagemertverheadcommunication,
loadbalancingandlocality mustbethoroughlyconsideredn orderto designagoodparallelalgorithm. For
example theprobabilitydistribution of the datasetcanhave a signi cantimpacton the performancef cer
tain sortingalgorithmsbecausét canin uence theway theloadis balancedtheamountof communication
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Figure2: Nth Elementalgorithm(SelectionProblem)speci cation.

thatwill benecessarnaswell asthelocality of thedata.

STAPL addressethis problemby adaptvely selectingthe bestparallelalgorithmfor the currentinput
dataand systemfrom a set of functionally equivalent algorithmic options. Toward this goal, a general
framework for adaptve algorithmselectiorwasdevelopedfor usein STAPL. This STAPL frameavork uses
machinelearningtechniquego analyzedatacollectedoy STAPL installationbenchmarksndto determine
teststhatwill selectamongalgorithmicoptionsatrun-time.A prototypeimplementatiorof this framewvork
wasappliedto two importantparalleloperationssortingandmatrix multiplication, on multiple platforms.
The resultsshav that the frameavork determinesun-time teststhat correctly selectthe bestperforming
algorithmfrom amongseveral competingalgorithmicoptionsin 86-100%o0f the casesstudied,depending
ontheoperationandthe system2].

3 Parallel Sorting and SelectionAlgorithms in STAPL
Fastsortingalgorithmsgenerallyhave the following threecomponents:

1. alocalcomputationaphase;
2. anoptionalintermediatgohasewhich calculateghe destinatiorof keys for the next phase;

3. acommunicatiorphasewhich moveskeys acrossprocessorandoften involves a transformatiorof
theentiredataset.

STAPL malesit easyto write ef cient parallelalgorithmsthat include thesethreegeneralizedcom-
ponentsin a straightforvard manner The next sectionwill presentan example of a parallel algorithm
developedin the STAPL environment.

3.1 The SelectionProblem (Nth Element Algorithm)

The Nth Elementalgorithm partially ordersa rangeof elements. It takes the following aguments: a
pRange, a pContainer andan iterator nth pointing to the nth element. The algorithmarrangesle-
mentsin the range[first, last) suchthatthe elementpointedto by theiteratornthis the sameasit
would beif the entirerangefirst, last) hadbeensorted.Additionally, noneof the elementsn the
rangelnth, last) islessthanary of theelementsn therangeffirst, nth) . Thereis noguarantee
regardingtherelative orderwithin the sub-rangegfirst, nth) and[nth, last)

Below we provide an STL interfaceof the Nth Elementalgorithm. Our goalis to stayconsistentvith
the standard. Thus, the Nth Elementalgorithmimplementationgliscussedn this paperfollow the STL
speci cation.

template <class pRange, class pContainer, typename lIterator>
void nth_element(pR ange &pr, pContainer &pcont, Iterator nth);
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Figure3: Dataarrangemenbeforeandafterthe Nth Element.

template <class pRange, class pContainer, typename lIterator, class Compare>
void nth_element(pR ange &pr, pContainer &pcont, Iterator nth,
Compare comp);

Therearetwo versionof theNth Elementalgorithm. Thetwo versiondiffer in how they de ne whether
one elementis lessthan another The rst versioncomparesobjectsusing operator<, and the second
compare®bjectsusinga userde ned functionobject(for example,Compare comp). Thepost-condition
for the rst versionof Nth Elementis asfollows. Thereexists no Iterator i in therange[first,
nth) suchthat*nth < *i , andthereexistsno Iterator j intherange[nth + 1, last) such
that*j < *nth . The post-conditionfor the secondversionof nth elementis asfollows. Thereexists
no lterator i intherange]first, nth) suchthatcomp(*nth, *) istrue,andthereexistsno
Iterator j intherange[nth + 1, last) suchthatcomp(*j, *nth) istrue.

The Nth Elementalgorithmmay be usedto nd the medianwithin a large collectionof elementsn
the casewhenthe entirerangeof elementsdoesnot needto be sorted. Of course,we could let a sorting
algorithm (say std::sort ) do all the work. Whenthe sequenceés ordered,the mediansamplewould
be corvenientlylocatedin the middle of our datastructure. The compleity of std::sort is ,
whilethecompleity of thestd::nth  _element isestimatedo be . This factorgetssigni cant
with largerinput sizesfairly quickly andshouldnot be overloolked.

3.2 Sequential’Bucket” Implementation of the Nth Element Algorithm

Thealgorithmpicksm - 1 splitter elementghat partitionkeys into m buckets. Then,we could assigneach
elementto the appropriatdoucket. For example,in Figure4, we have two splitters,namely8 and17. We
also have threebuckets with the following ranges:bucket 0 containsall elementsstrictly lessthan8,
bucket 1 containsall elementsequalor greatethan8 but strictly lessthan17,andbucket 2 contains
all elementsequalor greaterthan17. Consideran elementwith the numericvalue of 14; 14 is equalor
greaterthan8 andstrictly lessthan17,sowe copy 14 into bucket 1.

By traversingthe sizesof the buckets,we nd the bucket containingthe nth element. Oncewe know
which bucket containsthe nth elementwe candeterminethe positionof the nth elementby eithercalling
std::nth  _element (trivially, this insuresthe correctplacemenbf the nth element)or by recursvely
calling our algorithmon the bucket containingthe nth element.The terminatingconditionfor therecursve
call is afunction of the sizeof the bucket containingthe nth element.The nal stepof thealgorithmis to
sequentiallycopy elementdrom the bucketsbackinto the original container

Theefciency of thisimplementatiordepend®n how well we divide theinput, andthisin turndepends
onhow well we choosehesplitters. Thecompleity of thisalgorithmis dominatedy the costof traversing
the sequenc®f elementscopying elementsnto appropriatebucketsandbackinto the original container-
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Figure4: Distributing elementsnto buckets(sequentiahlgorithm).

all of which arelinear operations.The estimateccompleity of this algorithmis . The stepsof this
implementatioraresummarizedn Algorithm 1.

Algorithm 1 nth.elementiterator r st, Iterator nth, Iterator las)
1. Determinebucketranges.
. Assignelementsnto appropriateuckets.
. Find bucket B containingthe nth element.
. Recursvely call thealgorithmon B (or call std::nth  _element onB).
. Final step:Sequentiallycopy elementdrom bucketsbackinto theoriginal container

o U A WN

3.3 Parallelizing the Nth Element Algorithm

For the parallelimplementationwe assumep to be the numberof processorand eachprocessoistarts
with n/p keys. The algorithmpicksp - 1 splitter elementghat partition keys into p buckets. Then,we let
eachprocessorctasa bucket andlet our splittersde ne the bucket ranges.The next stepis to distribute
keys into the buckets. Communicatiorbetweenprocessess very expensve in parallelcomputing. And,
copying elementdrom oneprocessoto anothelis anunnecessargperatiorfor this stepof thealgorithm. It
sufces to simply keeptrack of bucket sizesandincrementhe sizecounterfor anappropriateoucket when
anelementithin the particularbucket rangeis encountered.

By traversingthe sizesof the buckets,we nd the bucket containingthe nth element. Oncewe know
which bucket containsthe nth elementwe candeterminethe positionof the nth elementoy eithersorting
(in parallel)the elementsn the bucket (trivially, this insuresthe correctplacemenbof the nth element)or
by recursvely calling our parallel algorithm on the bucket containingthe nth element. The terminating
conditionfor therecursve call is afunctionof thesizeof bucket containingthe nth element.

Thestepsof the parallelalgorithmaresummarizedn Algorithm 2.
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Algorithm 2 p_nth_elemengRang &pr, pContainer&pcont, Iterator nth)

1. Locally, selects randomelementsgalledsamples

Globally, sortall selectecsamples.

Selectm - 1 elementscalledsplitters.
Splittersdetermingherangesof m virtual °buckets®.

Total the numberof elementsn eachfbucket®.

Traversetotalsto nd bucket B containingthe nth element.
Recursiely call p_nth _element(B.pRan ge() , B, nth) .
Final step:copy elementdackinto the original containetin parallel.

Figure5: Samplingtechniquedistributing elementsnto buckets.

3.3.1 Distributing Elementsinto Virtual Buckets

This sectiondiscusseghe processof distributing elementsinto virtual buckets in more detail. Figure5
supplementghis discussionWe includethis sectionin orderto demonstratégheway parallelalgorithmsare
writtenin the STAPL ernvironment.

The elementdn our sequencaredistributedamongsubranges . The numberof subranges and
the elementistribution amongsubranges , aswell asnumberof °virtual buckets®arenotrelevantto the
parallelimplementationSamplesrecollectedfrom all subranges andaresortedglobally. Final splitters
areselectedylobally andeachsubrange hasa completelist of splitters. Using thelist of splitters,each
subrange computeghelocalcountsof elementghatfall within therangeof eachbucket. Thetotal bucket
countsarecalculatecby summingup the bucket countscollectedfrom eachsubrange .

For example,in Figure5 we shav a pArray of size24 distributedamong3 threadswith 2 subranges
perthread. The algorithm selectsone sampleper subrange . The samplesare sortedglobally andthe
nal splittersarepicked. We choosetwo splitters,namely8 and17, which de ne the rangesof 3 buckets.
Then,subranges computethelocal countsof elementghatfall within the rangeof eachbucket. As an
example let's computethe local bucket countsfor subrange 0. Subrange 0 contains2 elementghat
fall within the rangeof bucket 0, 0 elementghatfall within the rangeof bucket 1, and1 element
that falls within the rangeof bucket 2. Onceall subranges nish computinglocal bucket element
counts,the total bucket countsmay be computed.As anexample,let's computethe total size of bucket
0. Subrange 0 containsl elementhatfalls within therangeof bucket 0, subrange 1: 2 elements;
subrange 2: 1element;subrange 3: 1 element;subrange 4: 1 element;andsubrange 5: 1
element.Thus,thetotal bucket sizeis 7.

ExampleSTAPL codefor this stepof the algorithmis provided below:
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template<typena  me Boundary, class pContainer>
class distribute_elem ent s_wf . public
work_function_b  ase<Boundar y> {

pContainer  *splitters;

nSplitters = splitters->size 0 ;
vector<int> bucket counts( nSplitt ers);
distribute_elem ents _wf(p Cont ai ner &sp) : splitters(&sp) {1
void operator() (Boundary &subrange_data) {
typename Boundary::itera tor_typ e firstl = subrange_data.b egin ();
while  (firstl I= subrange_data.en d()) {
int dest;
pContainer::val ue_ty pe val = *firstl;
if  (nSplitters > 1) { /hf at least two splitters
pContainer::valu e ty pe *d =
std::upper_bound (&spli tte rs[0], &splitters[nSpl it ters], val);
dest = (int)(d-(&split ters[ 0])) ;
} else if (nSplitters == 1) { /lone splitter
if(val < splitters[0])
dest = 0;
else
dest = 1,
} else {
dest = 0; //No splitter, send to self
}
}
bucket_counts[d est]+ +;
firstl++; /[ Increment counter for the appropriate bucket
}
2
3.4 Complexity Analysis
The averagecompleity of std::nth  _element s , L.e. linear while that of std::sort is
. As wasmentionedabove, the compleity of the sequentiaPbucket® implementatioris
Ideally, thecompleity of theparalleINth Elementalgorithmwouldbe , butin ourcaset is
, assuminghatsortinga bucket of size takes . This comple-

ity is still signi cantly lower thanthe complity of sortingthe entirerange,which is ,
makingthe overheadf parallelizingthis algorithmacceptablyjow.

4 Conclusion

We have presentedSTAPL asa framawvork for writing ef cient parallelalgorithmsandhave providedim-
plementatiordetailsfor the SelectionProblemdevelopedwithin the STAPL ervironment. We have shavn
thatwriting parallelalgorithmsin STAPL is straightforvard.

For future work, thereare several improvementswe plan to incorporateinto the algorithm. Improve-
mentsin algorithm performancecan be obtainedby taking betteradvantageof datalocality and/orbetter
loadbalancing.



“ParallelAlgorithmsin STAPL...", Tikhonova etal. TR05-005,ParasolLab, TexasA&M, August2005 8

References

[1] P An, A. Jula,S. Rus,S. Saunders]. Smith, G. TanaseN. ThomasN. Amato,andL. Rauchweger.
STAPL: An adaptve, genericparallelprogrammindibrary for C++. In Proc. of the 14thInternational
Wobrkshopon Languagesand Compiles for Parallel Computing(LCPC), Cumberland-alls, Kentucly,
August2001.

[2] N. Thomas,G. TanaseQ. TkachyshynJ. PerdueN. Amato,andL. Rauchweger A frameavork for
adaptve algorithmselectiorin STAPL. In Proc. ACM SIGPLANSympPrin. Prac.Par. Prog. (PPOPP)
Chicagolllinois, Jun2005.



