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Abstract. We arguethat delayed-ealuation,self-optimisingscientificsoftware

componentsyhichdynamicallychangeheirbehaiour accordingo theircalling

context atruntimeoffer a possibleway of bridgingtheapparentonflict between
the quality of scientificsoftwareandits performanceRatherthanequippingsci-

entific softwarecomponentsvith aperformancenterfacewhich allowsthecaller

to supply the context information that is lost when building abstractsoftware

componentswe proposeto recapturethis lost contet information at runtime.
This paperis accompanietby a public releaseof aparallellinearalgebrdibrary

with both C and C++ languagenterfaceswhich implementsthis proposal.We

demonstrat¢he usability of this library by shawing thatit canbe usedto supply
linearalgebracomponenfunctionality to an existing externalsoftwarepackage.
We give preliminaryperformancdiguresanddiscussavenuedor futurework.

1 Component-basedApplication Construction

Thereis oftenanapparentonflictbetweerthequality of scientificsoftwareandits per

formance High quality scientificsoftwarehasto be easyto re-use gasyto re-engineer
easyto maintainand easyto port to new platforms,aswell as suitedto the kind of

thoroughtestingthatis requiredfor instilling confidencen applicationusers Modern
software engineeringachievestheseaims by using abstraction\We shouldonly have

to codeoneversionof eachoperation16], independenthyof the context in whichit is

called or the storagerepresentationf participatingdata. The problemwith this kind

of abstractcomponent-basédsoftwareis that abstractiorvery often blocksoptimisa-
tion: thefactthatwe engineersoftwarecomponentsén isolationmeanghatwe have no

context informationavailablefor performingcertaintypesof optimisation.

Performancelnterfaces. One commonsolutionto this problemis to equip software
componentswith a performanceinterfacethat allows a calling programto tune not
only thoseparametershat affect the semanticof a componentbut alsothosethat af-
fect performance One examplefor this might be PBLAS [5]: The P_.DGEM\parallel
matrix-vector productroutine takes 19 parameters3 of which arethemselesarrays
of 9 integers.This compareswvith 11 parametergor the equivalentsequentiakoutine

1n this paperwe usethe term componento referto separatelydeploable units of software
reusejncludinge.g. subroutinesgrom librarieslike the BLAS [4].



from BLAS-2 [4]. Theadditionalparameterén PBLAS areusedto selectparalleldata
placementThus,whena calling programcontainsa seriesof PBLAS routines,these
parameterganbe usedto choosea setof dataplacementshat minimisethe needfor
redistributionsbetweencalls. Assumingthat the applicationprogrammeiknows what
the optimal datalayout s, the performanceanterfacesolutionis of course“optimal’.
However, calling routineswith suchlarge numbersof parameterss very tediousand
highly likely to induceprogrammingerrors.Furthermoreselectingoptimal dataplace-
mentsis oftenanNP-hardproblem[14], soexpectingapplicationprogrammer$o make
theright choicewithout accesdo suitableoptimisationalgorithmsis unrealistic.

1.1 Background: RelatedWork

Code-Genating Systems.Several systemshave beendescribedthat automatically
adaptnumericalroutinesto newv computerarchitecturesPHIPAC [3] usesparame-
terisedcodegeneratorandsearctscriptsthatfind optimalparameteror agivenarchi-
tectureto generatematrix multiply routinesthatare competitve with vendorlibraries.
ATLAS (automaticallytunedlinear algebrasoftware)[19] usescodegenerator¢o au-
tomaticallyadaptthe performance-criticaBLAS library [4] to new architectures.

Telescopind-anguayes. Thetelescopindanguagesvork [13] is in someaspectsim-
ilar to code-generatingystemsdiscussedbove; however, the aim is not to optimise
individual routinesto exploit machinearchitecturesbut ratherto optimiselibrary rou-
tinesaccordingto the context in which they arecalled. The stratgy is to exhaustvely
analysea library off-line, generatingspecialisednstance®f library routinesfor differ-
entcalling contexts. Thisis combinedwith alanguagerocessothatrecognisedibrary
callsin userprogramsandselectoptimisedmplementationsiccordingo context. This
work is currentlystill very muchin-progress.

TemplateMeta-piogramming GeneridProgrammingechniquesn C++havebeerused
for examplein MTL [16]: eachalgorithm is implementedonly once as an abstract
template,independentlyof the underlyingrepresentatiorf the databeingaccessed.
Optimisationin this framework is achieved by using C++ effectively as a two-level
languagewith thetemplatemechanisnbeingusedfor partialevaluationandcodegen-
eration[18]. However, as pointedout by Quinlanet al. [15], a serial C++ compiler
cannotfind scalableparalleloptimisations A further possibleproblemwith this tech-
niqueis thattemplatesnake heary demand®f C++ compilerswhich on atleastsome
high-performancarchitecturesremuchlessdevelopedthanC or Fortrancompilers.

Incorporating Application Semanticénto Compilation. Many library-basedrogram-
ming systemsffectively provide programmersvith asemanticallyrich meta-language.
However, this meta-languagés generallynot understoocby compilers,which means
that both syntacticcheckingand optimisationof the meta-languagere impossible.
MAGIK [9] is a systemthat allows programmerdo incorporateapplication-specific
semanticsnto thecompilationprocessThis canbeusedfor examplein specialisinge-
moteprocedurecallsor in enforcingrulessuchthatapplicationprogramsshouldcheck



the return code of systemcalls. A relatedsystem,ROSE[15], is a tool for generat-
ing library-specificoptimising source-to-sourcpreprocessorf0SEis demonstrated
throughanoptimisingpre-processdior the P++parallelarrayclasslibrary.

1.2 DelayedEvaluation, Self-Optimising (DESO) Libraries

Ourapproachs to usedelayedevaluationof softwarecomponentén orderto re-capture
lost context informationfrom within the componentibrary at runtime. While execu-
tion is beingdelayedwe canbuild up a DAG (directedagyclic graph)representinghe
dataflow of the computatiorto be performed[1]. Evaluationis eventuallyforced,ei-
therbecauseave have to outputresultdata,or becausehe control-flov of the program
becomeddatadependen(in conditionalexpressionsf. Onceexecutionis forced, we
canconstructan optimisedexecutionplan at runtime,automaticallyandtransparently
changinghebehaiour of componentsccordingo calling context.

We haveimplementedalibrary of delayedevaluation,self-optimisingroutinesfrom
thewidely usedsetof BLAS kernels.Thelibrary performscross-componertataplace-
mentoptimisationat runtime, aiming to minimise the costof dataredistritutions be-
tweenlibrary calls. Our library hasboth a C languageinterface,which is virtually
identicalto the recentlyproposedC bindingsfor BLAS [4], anda C++ interface.The
C++interfaceusesoperatoroverloadingto facilitatehigh-level, genericcodingof algo-
rithms. This paperis accompaniedby a public releaseof thislibrary [7].

Contributions of this Paper We have previously describedhe basicideabehindthis
library [1, 2]. Thedistinctcontributionsof this paperareasfollows:

1. We demonstratehe usability of our approachby shaving how a numberof com-
moniterative numericalsolverscanbeimplementedn a high-level, intuitive man-
nerusingthis approach.

2. We show thatthe C++ interface,which we have not previously describedjmple-
mentsthe API requiredfor instantiatingthe algorithm templatesin the IML++
packageby Dongarraetal. [8].

3. We give performancdiguresfor four iterative solver algorithmsfrom the IML++
packagewhich show thatfairly goodparallelperformanceanbeobtainedoy sim-
ply usingour library togethemwith anexisting genericalgorithm.

4. We discusghetechniquesisedin implementingthe C++ interfaceto our library.

2 Usability and Software Quality

One of the main requirementdor a high-level parallel programmingmodelis that it
shouldbe easyfor applicationprogrammergo implementscientificalgorithmsin par
allel. IML++ by Dongarraetal. [8] providesgenericC++ algorithmsfor solvinglinear
systemausinga variety of iteratve methodsFigure 1 (left) shavs the genericlML++

codefor the preconditionediconjugategradientalgorithm. Note that this C++ code

2 We shav examplesof bothkinds of force pointsin Section2.



1 tenplate < class Matrix, class Vector, 1 #include <ParDeso. h++>
2 class Preconditioner, class Real > 2 #include "include/bicg.h" // I M++ Bi CG tenpl ate
3 int BiCG( const Matrix &A, Vector &x, 3
4 const Vector &b, const Precond &M, 4 int main( int argc, char * argv[] ) {
5 int &max_iter, Real &tol) { 5 int SZ, max_iter;
6 Vector rho_1(1), rho_2(1), alpha(1), beta(1) 6 int result = -1; /1 CGreturn code
7 Vector z( x.size() ), ztilde( x.size() ); 7
8 Vector p( x.size() ), ptilde( x.size() ); 8 deso::initialise(&argc, &argv);
9 Vector q( x.size() ), qtilde( x.size() ); 9
10 Vector r( x.size() ); r =b - A* x; 10 Sz = atoi (*(++argv));
11 Vector rtilde( x.size() ); rtilde =r; 11 max_iter = atoi (*(++argv));
12 Real resid, normb; normb = norm( b ); 12
13 /1 Onmitted check whether already converged 13 /1l Create and read in matrix
14 14 Matri x <doubl e> A( Sz, SZ );
15 for( int i =1; i <= max_iter; i++) { 15 deso::fileRead( A, "filename_A" );
16 z = Msolve(r); 16
17 ztilde = Mtrans_solve(rtilde); 17 Il Create rhs and sol ution vectors
18 rho_1(0) = dot(z, rtilde); 18 Vect or <doubl e> b( A. xsize() );
19 /1 Onmitted check for breakdown 19 Vect or <doubl e> x( A.ysize() );
20 if (i ==1) { 20 deso::fileRead( b, "filename_b" );
21 p=z; 21 deso::fileRead( x, “filename_x" );
22 ptilde = ztilde; 22
23 } 23 /1 Create identity preconditioner
24 el se { 24 Di agPrecondi tioner<double> | ( Sz, "1");
25 beta(0) = rho_1(0) / rho_2(0); 25
26 p =z + beta(0) * p; 26 /1 Convergence tol erance
27 ptilde = ztilde + beta(0) * ptilde; 27 doubl e tol = (50.0 * DBL_EPSILON);
28 } 28 Scal ar <doubl e> err( tol );
29 q=A*np; 29
30 qtilde = A.trans_mult (ptilde); 30 deso::startTimer ();
31 al pha(0) = rho_1(0) / dot(ptilde, q); 31
32 x += alpha(0) * p; 32 result = BiCG( A, x, b, I, max_iter, err );
33 r -= alpha(0) * q; 33
34 rtilde -= alpha(0) * qtilde; 34 tol = deso::returnValue( err );
35 35
36 /| DESO++: Need to force evaluation of x 36 deso:: stopTimer ();
37 deso:: evaluate( x ); 37
38 38 if( deso::isController () ) {
39 rho_2(0) = rho_1(0); 39 printf( "\'nFinal _tolerance: _% 10f.\n", tol );
40 if ((resid = norm(r) / normb) < tol) { 40 }
41 tol = resid; max_iter = i; return 0; 41
42 } 42 deso:: printTime(SZ);
43 } 43
44 44 deso:: finalise();
45 tol = resid; return 1; 45
46 } 46 return (result ==1?0: -1);
47 '}

Fig. 1. IML++ Preconditioned@iConjugateGradienttemplatefunction (left), togethemwith call-
ing program(right).

is almostas high-level as pseudocodethe only likely differencebeing varioustype
declarationsWe believe thatthe API definedby IML++ satisfiesthe requirementof
beingeasy-to-usehigh-level andabstractSincethe C++ BiCG functionis atemplated
(generic)function, it hasto beinstantiatedvith a Matrix , Vector , Precond andReal
classin orderto becalled. Thetemplatfunctionimplicitly definegheAPI theseclasses
needto implement suchasoverloadedperatordor vectormatrix computations.

DESO++,the C++ interfacefor our delayedevaluation,self-optimisinglinear al-
gebralibrary, providesparallelmatrix, vector scalarandpreconditionetypesthatim-
plementheAPI requiredfor instantiatingML++ templatealgorithms Figurel (right)
shavs anexecutableparallelprogramwhich is obtainedby instantiatingthe BiCG tem-
plate.This demonstrates:

— A parallelBiCG solvercanbeimplementedimply by creatingDESO++objectsfor
initial matricesandvectors,choosinga DESO++preconditioneandthencalling
theIML++ template.

— Notethateachoperatoiin the BiCG templatewill call adelayedevaluationparallel
function, building up a DAG representinghe computationto be performed Exe-
cutionis forced eithertransparentlhyon conditionals suchasthe corvergencetest
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Fig. 2. Performancef four differentparalleliterative algorithmsimplementedisingIML++ tem-
plateswith DESO++.The platformis a (heterogeneougjusterof AMD Athlon processorsvith
1.00r 1.4 GHz clockspeed256 KB L2 cache256 0r 512MB RAM, runningLinux 2.4.17and
connectedria a switched100Mbit/sethernel, AN. The problemsizein eachcaseis adensama-
trix of size7200x 7200.Theleft graphshavs absoluteperformancén MFLOP/s theright graph
shavs speedupver a handwrittensequentialC-languageversionof the samealgorithm.

in line 40, or explicitly by usingthe deso::evaluate function. The latter canbe
seenin line 37. Thereasonwhy we have to manuallyforce evaluationof the solu-
tion vectorx hereis becausehe controlflow of the programneverdirectly depends
on x. Alternatively, we could wait until function exit whenx would normally be
writtento disk, which would alsoforce evaluation.

IML++ waswritten with the aim of beingusablewith a diverserangeof vectorand
matrix classesSincethecodewe instantiatedequiredvirtually no changeswe believe
that our parallel library shouldbe suitablefor transparentlyparallelisinga range of
existing applicationghatcurrentlyrely on sequentialectorandmatrix classeswvritten
in C++toimplementan API similarto IML++.

3 Performance

We have implementedour differentiterative solversin parallelin themannershavnin
Section2: ConjugateGradient,preconditionedi-ConjugateGradient,preconditioned
Bi-ConjugateGradientStabilisedand ConjugateGradientSquared.The performance
we obtainis shawvn in Figure?2.

— Notethatall thesealgorithmshave O(N?) computatiorcomplexity on O(N?) data,
which meansthat thereis only limited scopefor gettinggood sequentiaperfor-
mancebecaus®f memoryre-use.

— The measurementsve showv in Figure 2 are obtainedwithout performing data
placementoptimisationat runtime [1]. We believe that the performancecan be
improvedby optimisingdataplacemento eliminateunnecessargommunication.

— Evenwithoutdataplacemenbptimisationaspeedumf aboutl5ona?25-processor
commodityclusterplatformis encouraginggivenhow easyit wasto obtain.



4 C++ Interface

In this sectionwe discusssomeof the designdecisionsand C++ programmingtech-
niguesthatwereusedin implementingthe DESO++interface.The DESO++interface
is built fully ontop of the C interface,i.e. it callsthe functionsandusesthe datatypes
from our C languagdibrary API. In the C languageénterface theresultsof delayedop-
erationsarerepresentedy handleswhich ultimately areintegerindicesinto the data
structurestoringthe DAG for the computatiorbeingperformed).The applicationpro-
grammerhasto force evaluationof suchhandlesexplicitly beforebeingableto access
thedata.ln C++,we candobetterby usingoperatooverloadingFor example theforce
thathappen®ntheconditionalstatementin line 40 of Figurel is entirelytransparent.

Refeence-CountingmartPointers. Thefollowing exampleillustratesapotentialprob-

lemthatcouldarisedueto our useof delayedevaluation:
1 Vector &fun ( const Vector &x, const Scalar &beta ) {
2 Vector a;

3 a = beta * x;

4 return (x + a);

5

}
In our systemthis functionwould returna handlefor a delayedexpressionto be eval-
uatedwhenthe returnvalue of the functionis eventuallyforced. The problemis that
on function exit, a would normally be destructedleaving the returnvalueof the func-
tion having an indirectreferenceto an invalid handle.We resol\e this issueby using
reference-countingmartpointers,via an extra level of indirection,for accessingle-
layedhandles.

ExpressionTemplates.We useexpressiortemplatesimilarto thosen Blitz++ [17] and
POOMAII [12] for parsingarrayexpressionsuchasr = b - A * x. Constructiorof
suchexpressionss fully in-lined. Executionof the assignmenbperator= triggersthe
actualconstructiorof the DAG of delayedoperationgepresentinghe expression.

Careful Sepaation of CopyConstructos and Assignmen©Operators. Non-basicypes
suchasour handlesfor the resultsof delayedoperationgrigger copy constructorsn
C++ evenfor the purposeof parametepassingWe initially definedcopy constructors
asmakingdelayedcallsto the BLAS copying routine_copy . Thisresultedn vastnum-
bersof superfluougatacopies.We thereforetook the designdecisionto definecopy
constructorasmakingaliaseswhilst the assignmenbperatoractuallycopiesdata.

Traits. Thetraitstechniqug18] allows programmerso write functionsthatoperateon
andreturntypes This techniqueis very usefulwhenimplementinggenericfunctions,
in particulargenericoperatorsuchas* . We could ervisagewriting a genericinterface

for * asfollows:
1 tenplate< typename T1, typename T2 >
2 inline Return_Type operator* ( const Tl &ml, const T2 &m ) {
3 /...
4}



WhatshouldReturn _Type be?Traitsallow usto defineafunctionthatgivesthecorrect
type:

tenpl ate< typename T1, typename T2 >

class _promote_product {

/1 Ceneral case: type of product is type of first operand.
typedef T1 Value_Type;

b

tenpl ate< typename T2 >

class _promote_product< Scal ar <doubl e>, T2 > {
9 // But Scalar * any T2 is always T2

10 typedef T2 Value_Type;

11 };

0O~NO A WNER

13 tenpl ate< >

14 class _promote_product< Vector<doubl e>, Vector<double> > {

15 /1 Special case for dot product: Vector * Vector = Scal ar

16 typedef Scal ar <doubl e> Val ue_Type;

17 };

Thereturntypefor * wouldthenbe_promote _product<T1,  T2>:Value _Type.Note
thatthis examplehasbeenvery muchsimplifiedin orderto illustratethe programming

techniqueused.

5 Conclusion

We have describedlelayedevaluation self-optimisingsoftwarecomponentsisa possi-
ble way of bridgingthe apparentonflict betweerthe quality of scientificsoftwareand
its performanceWe have presentea library which implementshis proposabndhave
shavn thatthis canbe usedto write parallelnumericalalgorithmsin a very high-level
intuitive manneraswell asto transparentlyparallelisesomeexisting sequentiatodes.

Sleletonswithouta Language. It isinterestingo considetow ourwork comparesvith

the Skeletonsapproacho parallelprogramming6, 10]. Typically, skeletonsprovide a
languagdor expressinghe compositionof computationatomponentsThe benefitof

this is that we have very precisehigh-level structuralinformation aboutapplication
programsavailable for the purposeof optimisation.This information can be hardto

captureautomaticallywhenusingcompilersfor commonimperatve languagesitn our
approachthe informationwhich is providedthroughhigh-level constructsn skeleton
programds insteadcapturedat runtimeby usingdelayedevaluation.
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