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Abstract

Parallel anddistributedprocessingprovide massive computationalpower demandedby moderncom-
puting. The developmentof properlydesignedparallellibrariesis crucial for theadvancementof parallel
processingandmoving parallelcomputinginto themainstream.TheStandardTemplateAdaptive Parallel
Library (STAPL) is aparallellibrarydesignedasasupersetof the(sequential)ANSI C++StandardTemplate
Library (STL). STAPL providesroutinesthatareeasilyinterchangeablewith their sequentialcounterparts
andallows usersto executeprogramson uni- or multiprocessorsystemsthat utilize sharedor distributed
memory, insulatinglessexperiencedusersfrom managingparallelismand,at thesametime,allowing more
sophisticateduserssuf�cient controlto achieve higherperformancegains[1].

Ourresearchis focusedondesigningandimplementingasetof parallelsortingandselectionalgorithms
in STAPL. This paperwill usetheSelectionProblem(Nth ElementAlgorithm) asanexampleof a parallel
algorithmand discussthe way it is implementedin the STAPL environment. Our goal is to designthe
mostappropriatealgorithmsfor STAPL parallellibrary thatwill providegoodef�ciency withoutsacri�cing
generalityandportability.
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1 Intr oduction

Parallelanddistributedprocessingprovide massive computationalpower demandedby thecominggener-
ation of scienti�c andengineeringapplications.However, the complexity of parallelarchitecturesgener-
ally makestheconstructionof parallelanddistributedapplicationsnotoriouslydif�cult. Thedevelopment
of user-friendly parallellibrariesis crucial for theadvancementof parallelprocessingandmoving parallel
computinginto themainstream.In particular, thereis agrowing needfor properlydesignedparallellibraries
thatnot only provide viablemeansfor achieving scalableperformanceacrossa varietyof applicationsand
architectures,but alsoallow userswith varyinglevelsof experiencemanagethecomplexity of paralleland
distributedprogramming.Simplysaid,parallellibrariesshouldbeeasyto usefor userswith low experience,
yet powerful enoughto beusefulto moreexperiencedusers.This maybeachieved by allowing necessary
�e xibility aswell asproviding anavenuefor futureimprovement.

Sortingis a fundamentialoperationthatis usedin a largerangeof applicationsspanningboththescien-
ti�c andcommercialrealms.Therearemany sequentialandparallelsolutionsthatareinterestingto study
and to theoreticallyanalyze. Most sortingalgorithmsarerelatively easyto understand,which allows to
make straightforwardcomparisonsbetweentheparallelandsequentialversions.

Oneof theprimitivescommonlyusedfor sortingis theSelectionProblem.STL providesthis operation
asstd::nth element . The Nth Elementalgorithmpartially ordersa rangeof elements.It arranges
elementssuchthat theelementlocatedin thenth positionis thesameasit would be if theentirerangeof
elementshadbeensorted.Additionally, noneof theelementsin therange[nth, last) is lessthanany
of theelementsin therange[first, nth) . Thereis noguaranteeregardingtherelative orderwithin the
sub-ranges[first, nth) and[nth, last) . Oneof thecommonusesfor theNth Elementalgorithm
is �nding themedianwithin a largecollectionof elementsin thecasewhentheentirerangedoesnot need
to besorted.

ParallelSelectionProblemis an interestingproblemto studybecauseit requiresboth communication
andcomputation.If theinputdatato besortedis too largeto �t in auniprocessor's cache,operatingon this
datasequentiallycantake entirelytoo long becauseof thememoryaccessbottleneck.In thesecases,doing
theoperationin parallelcanyield asigni�cant speedupover thesequentialsolution.

2 STAPL Overview

TheStandardTemplateAdaptive ParallelLibrary (STAPL) is aparallellibrary designedasasupersetof the
(sequential)ANSI C++ StandardTemplateLibrary (STL). STAPL offerstheparallelsystemprogrammera
sharedobjectview of thedataspace.Theobjectsaredistributedacrossthememoryhierarchywhichcanbe
sharedand/ordistributedaddressspaces.InternalSTAPL mechanismsassureanautomatictranslationfrom
onespaceto another, presentingto the lessexperiencedusera uni�ed dataspace.For moreexperienced
usersthelocal/remotedistinctionof accessescanbeexposedandperformanceenhanced.

STAPL supportstheSPMDmodelof parallelismwith essentiallythesameconsistency modelasOpenMP.
TheSTAPL infrastructureconsistsof platformindependentandplatformdependentcomponents.Theseare
revealedto theprogrammerat anappropriatelevel of detail througha hierarchyof abstractinterfaces.The
platformindependentcomponentsincludethecoreparallellibrary, a view of a genericparallel/distributed
machine,andanabstractinterfaceto thecommunicationlibrary andrun-timesystem[2].

2.1 STAPL Components

STL providesuserswith a collectionof containers,algorithmsanda mechanismto abstractdataaccess-
iterators. In a similar manner, STAPL providesuserswith parallelcontainers(pContainers ), parallel
algorithms(pAlgorithms ) andanentirelynew constructcalledpRange whichallows randomaccessto
elementsin apContainer .
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Figure1: STAPL components.

pContainers: The core STAPL library consistsof pContainers (distributed datastructureswith
parallelmethods)andpAlgorithms (parallelalgorithms).ThepContainer is theparallelequivalent
of the STL container. Its datais distributedbut the programmeris offereda shared-memoryobjectview.
ThepContainer distributioncanbeuserspeci�edor computedautomatically. Currently, STAPL hastwo
pContainers thatdonothaveSTL equivalents:parallelmatrix(pMatrix ) andparallelgraph(pGraph )
[2].

pAlgorithms: pAlgorithms areparallelequivalentsof algorithms.pAlgorithmsaresetsof parallel
taskobjectswhichprovidebasicfunctionality, boundwith thepContainer by pRange. Inputfor parallel
tasksis speci�ed by thepRange, (intermediate)resultsarestoredin pContainers , andARMI is used
for communicationbetweenparalleltasks.STAPL providesparallelSTL equivalents(copy, �nd, sort,etc.),
aswell asgraphandmatrixalgorithms.

pRange: pRange providesasharedview of adistributedworkspace.pRange isdividedintosubran -
ges . Subranges of thepRange areexecutabletasks.A taskconsistsof a functionobjectandadescrip-
tion of thedatato which it is applied.pRange alsosupportsparallelexecution.It providesa cleanexpres-
sionof computationasparalleltaskgraphandstoresDataDependenceGraphs(DDGs)usedin processing
subranges .

ARMI Communication Library: STAPL's ARMI (Adaptive RemoteMethodInvocation)Communi-
cationLibrary usesthe remotemethodinvocation(RMI) communicationabstractionthat assuresmutual
exclusionat the destinationbut hidesthe lower level implementation(e.g., lower level protocolssuchas
MPI, OpenMP, Pthreads,andmixedmodeoperation)[2].

2.2 Adaptive Algorithm SelectionFramework

A fundamentalchallengefor parallelcomputingis writing portableprogramsthatperformwell on multiple
platformsor for varying input sizesand types. This may be very dif�cult becauseperformanceif often
sensitive to thesystemarchitecture,theruntimeenvironment,andinputdatacharacteristics.This challenge
exists for parallelanddistributedsystemsaswell, dueto thewide varietyof systemarchitectures.In addi-
tion, theotherclassicparallelcomputingtrade-offs suchasparallelmanagementoverhead,communication,
loadbalancing,andlocality mustbethoroughlyconsideredin orderto designagoodparallelalgorithm.For
example,theprobabilitydistribution of thedatasetcanhaveasigni�cant impacton theperformanceof cer-
tainsortingalgorithmsbecauseit canin�uence theway theloadis balanced,theamountof communication
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Figure2: Nth Elementalgorithm(SelectionProblem)speci�cation.

thatwill benecessary, aswell asthelocality of thedata.
STAPL addressesthis problemby adaptively selectingthebestparallelalgorithmfor thecurrentinput

dataand systemfrom a set of functionally equivalent algorithmic options. Toward this goal, a general
framework for adaptive algorithmselectionwasdevelopedfor usein STAPL. This STAPL framework uses
machinelearningtechniquesto analyzedatacollectedby STAPL installationbenchmarksandto determine
teststhatwill selectamongalgorithmicoptionsat run-time.A prototypeimplementationof this framework
wasappliedto two importantparalleloperations,sortingandmatrix multiplication,on multiple platforms.
The resultsshow that the framework determinesrun-time teststhat correctly selectthe bestperforming
algorithmfrom amongseveral competingalgorithmicoptionsin 86-100%of thecasesstudied,depending
on theoperationandthesystem[2].

3 Parallel Sorting and SelectionAlgorithms in STAPL

Fastsortingalgorithmsgenerallyhave thefollowing threecomponents:

1. a local computationalphase;

2. anoptionalintermediatephasewhichcalculatesthedestinationof keys for thenext phase;

3. a communicationphasewhich moveskeys acrossprocessorsandoften involvesa transformationof
theentiredataset.

STAPL makes it easyto write ef�cient parallelalgorithmsthat include thesethreegeneralizedcom-
ponentsin a straightforward manner. The next sectionwill presentan exampleof a parallel algorithm
developedin theSTAPL environment.

3.1 The SelectionProblem(Nth ElementAlgorithm)

The Nth Elementalgorithm partially ordersa rangeof elements. It takes the following arguments: a
pRange, a pContainer andan iteratornth pointing to the nth element. The algorithmarrangesele-
mentsin therange[first, last) suchthat theelementpointedto by theiteratornth is thesameasit
would beif theentirerange[first, last) hadbeensorted.Additionally, noneof theelementsin the
range[nth, last) is lessthanany of theelementsin therange[first, nth) . Thereis noguarantee
regardingtherelative orderwithin thesub-ranges[first, nth) and[nth, last) .

Below we provide anSTL interfaceof theNth Elementalgorithm. Our goal is to stayconsistentwith
the standard.Thus, the Nth Elementalgorithmimplementationsdiscussedin this paperfollow the STL
speci�cation.

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

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

Compare comp);

Therearetwo versionsof theNth Elementalgorithm.Thetwo versionsdiffer in how they de�ne whether
one elementis lessthan another. The �rst versioncomparesobjectsusing operator<, and the second
comparesobjectsusingauser-de�ned functionobject(for example,Compare comp). Thepost-condition
for the �rst versionof Nth Elementis asfollows. Thereexists no Iterator i in the range[first,
nth) suchthat *nth < *i , andthereexistsno Iterator j in therange[nth + 1, last) such
that *j < *nth . The post-conditionfor the secondversionof nth elementis as follows. Thereexists
no Iterator i in therange[first, nth) suchthatcomp(*nth, *i) is true,andthereexistsno
Iterator j in therange[nth + 1, last) suchthatcomp(*j, *nth) is true.

The Nth Elementalgorithmmay be usedto �nd the medianwithin a large collectionof elementsin
the casewhenthe entirerangeof elementsdoesnot needto be sorted. Of course,we could let a sorting
algorithm(say, std::sort ) do all the work. Whenthe sequenceis ordered,the mediansamplewould
beconvenientlylocatedin themiddleof our datastructure.Thecomplexity of std::sort is ���������
	��
� ,
while thecomplexity of thestd::nth element is estimatedto be �����
� . This ���
	�� factorgetssigni�cant
with largerinput sizesfairly quickly andshouldnotbeoverlooked.

3.2 Sequential”Buck et” Implementation of the Nth ElementAlgorithm

Thealgorithmpicksm - 1 splitterelementsthatpartitionkeys into m buckets. Then,we couldassigneach
elementto theappropriatebucket. For example,in Figure4, we have two splitters,namely8 and17. We
alsohave threebucketswith the following ranges:bucket 0 containsall elementsstrictly lessthan8,
bucket 1 containsall elementsequalor greaterthan8 but strictly lessthan17,andbucket 2 contains
all elementsequalor greaterthan17. Consideran elementwith the numericvalueof 14; 14 is equalor
greaterthan8 andstrictly lessthan17,sowecopy 14 into bucket 1.

By traversingthesizesof thebuckets,we �nd the bucket containingthe nth element.Oncewe know
which bucket containsthenth element,we candeterminethepositionof thenth elementby eithercalling
std::nth element (trivially, this insuresthe correctplacementof the nth element)or by recursively
calling our algorithmon thebucket containingthenth element.Theterminatingconditionfor therecursive
call is a functionof thesizeof thebucket containingthenth element.The �nal stepof thealgorithmis to
sequentiallycopy elementsfrom thebucketsbackinto theoriginalcontainer.

Theef�ciency of this implementationdependsonhow well wedivide theinput,andthis in turndepends
onhow well wechoosethesplitters.Thecomplexity of thisalgorithmis dominatedby thecostof traversing
thesequenceof elements,copying elementsinto appropriatebucketsandbackinto theoriginal container-
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Figure4: Distributing elementsinto buckets(sequentialalgorithm).

all of which arelinearoperations.The estimatedcomplexity of this algorithmis �����
� . The stepsof this
implementationaresummarizedin Algorithm 1.

Algorithm 1 nth element(Iterator �r st, Iterator nth, Iterator last) �

1: Determinebucket ranges.
2: Assignelementsinto appropriatebuckets.
3: Findbucket B containingthenthelement.
4: Recursively call thealgorithmon B (or call std::nth element on B).
5: Finalstep:Sequentiallycopy elementsfrom bucketsbackinto theoriginal container.
6: �

3.3 Parallelizing the Nth ElementAlgorithm

For the parallel implementation,we assumep to be the numberof processorsand eachprocessorstarts
with n/p keys. Thealgorithmpicksp - 1 splitterelementsthatpartitionkeys into p buckets. Then,we let
eachprocessoractasa bucket andlet our splittersde�ne thebucket ranges.Thenext stepis to distribute
keys into the buckets. Communicationbetweenprocessesis very expensive in parallelcomputing. And,
copying elementsfrom oneprocessorto anotheris anunnecessaryoperationfor thisstepof thealgorithm.It
suf�ces to simply keeptrackof bucket sizesandincrementthesizecounterfor anappropriatebucket when
anelementwithin theparticularbucket rangeis encountered.

By traversingthesizesof thebuckets,we �nd the bucket containingthe nth element.Oncewe know
which bucket containsthenth element,we candeterminethepositionof thenth elementby eithersorting
(in parallel)theelementsin the bucket (trivially, this insuresthe correctplacementof thenth element)or
by recursively calling our parallel algorithmon the bucket containingthe nth element. The terminating
conditionfor therecursive call is a functionof thesizeof bucket containingthenthelement.

Thestepsof theparallelalgorithmaresummarizedin Algorithm 2.
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Algorithm 2 p nth element(pRange &pr, pContainer&pcont, Iterator nth) �

1: Locally, selects randomelements,calledsamples.
2: Globally, sortall selectedsamples.
3: Selectm - 1 elements,calledsplitters.
4: Splittersdeterminetherangesof m virtual ºbucketsº.
5: Total thenumberof elementsin eachºbucketº.
6: Traversetotalsto �nd bucket B containingthenthelement.
7: Recursively call p nth element(B.pRan ge() , B, nth) .
8: Finalstep:copy elementsbackinto theoriginalcontainerin parallel.
9: �

Figure5: Samplingtechnique,distributing elementsinto buckets.

3.3.1 Distributing Elementsinto Virtual Buckets

This sectiondiscussesthe processof distributing elementsinto virtual buckets in moredetail. Figure 5
supplementsthisdiscussion.Weincludethissectionin orderto demonstratethewayparallelalgorithmsare
written in theSTAPL environment.

The elementsin our sequencearedistributedamongsubranges . The numberof subranges and
theelementdistribution amongsubranges , aswell asnumberof ºvirtual bucketsºarenot relevantto the
parallelimplementation.Samplesarecollectedfrom all subranges andaresortedglobally. Finalsplitters
areselectedglobally andeachsubrange hasa completelist of splitters.Using the list of splitters,each
subrange computesthelocalcountsof elementsthatfall within therangeof eachbucket. Thetotalbucket
countsarecalculatedby summingup thebucket countscollectedfrom eachsubrange .

For example,in Figure5 weshow apArrayof size24 distributedamong3 threadswith 2 subranges
per thread. The algorithmselectsonesampleper subrange . The samplesaresortedglobally andthe
�nal splittersarepicked. We choosetwo splitters,namely8 and17, which de�ne therangesof 3 buckets.
Then,subranges computethe local countsof elementsthat fall within therangeof eachbucket. As an
example,let's computethelocal bucket countsfor subrange 0. Subrange 0 contains2 elementsthat
fall within the rangeof bucket 0, 0 elementsthat fall within the rangeof bucket 1, and1 element
that falls within the rangeof bucket 2. Onceall subranges �nish computinglocal bucket element
counts,the total bucket countsmaybecomputed.As anexample,let's computethe total sizeof bucket
0. Subrange 0 contains1 elementthatfallswithin therangeof bucket 0, subrange 1: 2 elements;
subrange 2: 1 element;subrange 3: 1 element;subrange 4: 1 element;andsubrange 5: 1
element.Thus,thetotalbucket sizeis 7.

ExampleSTAPL codefor thisstepof thealgorithmis providedbelow:
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template<typena me Boundary, class pContainer>
class distribute_elem ent s_ wf : public
work_function_b as e<Boundar y> {

pContainer *splitters;
nSplitters = splitters->size () ;
vector<int> bucket_counts( nSpl itt er s) ;

distribute_elem ents _wf (p Cont ai ner &sp) : splitters(&sp) {}

void operator() (Boundary &subrange_data) {
typename Boundary::itera to r_ typ e first1 = subrange_data.b egin ();
while (first1 != subrange_data.en d( )) {

int dest;
pContainer::val ue_ ty pe val = *first1;
if (nSplitters > 1) { //If at least two splitters

pContainer::valu e_ty pe *d =
std::upper_bound (& sp li tte rs [0 ], &splitters[nSpl it te rs ], val);

dest = (int)(d-(&split te rs[ 0] )) ;
} else if (nSplitters == 1) { //one splitter

if(val < splitters[0])
dest = 0;

else
dest = 1;

} else {
dest = 0; //No splitter, send to self

}
}
bucket_counts[d es t]+ +;
first1++; // Increment counter for the appropriate bucket

}
};

3.4 Complexity Analysis

The averagecomplexity of std::nth element is � ���
� , i.e. linear, while that of std::sort is
���������
	��
� . As wasmentionedabove, the complexity of the sequentialºbucketº implementationis �����
� .
Ideally, thecomplexity of theparallelNth Elementalgorithmwouldbe ��������� � , but in ourcaseit is �����������

��������� � ���
	 ��������� � � , assumingthatsortinga bucket of size ����� takes ��� ��������� � ���
	 ��������� � � . This complex-
ity is still signi�cantly lower thanthecomplexity of sortingtheentirerange,which is � � ������� � ��� 	 ������� � � ,
makingtheoverheadof parallelizingthisalgorithmacceptablylow.

4 Conclusion

We have presentedSTAPL asa framework for writing ef�cient parallelalgorithmsandhave provided im-
plementationdetailsfor theSelectionProblemdevelopedwithin theSTAPL environment.We have shown
thatwriting parallelalgorithmsin STAPL is straightforward.

For future work, thereareseveral improvementswe plan to incorporateinto the algorithm. Improve-
mentsin algorithmperformancecanbe 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,T. Smith,G. Tanase,N. Thomas,N. Amato,andL. Rauchwerger.
STAPL: An adaptive, genericparallelprogramminglibrary for C++. In Proc.of the14thInternational
Workshopon LanguagesandCompilers for Parallel Computing(LCPC), CumberlandFalls,Kentucky,
August2001.

[2] N. Thomas,G. Tanase,O. Tkachyshyn,J. Perdue,N. Amato,andL. Rauchwerger. A framework for
adaptivealgorithmselectionin STAPL. In Proc.ACM SIGPLANSymp.Prin. Prac.Par. Prog. (PPOPP),
Chicago,Illinois, Jun2005.


