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Abstract. We arguethatdelayed-evaluation,self-optimisingscientificsoftware
components,whichdynamicallychangetheirbehaviour accordingto theircalling
context at runtimeoffer apossiblewayof bridgingtheapparentconflict between
thequality of scientificsoftwareandits performance.Ratherthanequippingsci-
entificsoftwarecomponentswith aperformanceinterfacewhichallowsthecaller
to supply the context information that is lost when building abstractsoftware
components,we proposeto recapturethis lost context information at runtime.
This paperis accompaniedby a public releaseof a parallellinearalgebralibrary
with both C andC++ languageinterfaceswhich implementsthis proposal.We
demonstratetheusabilityof this library by showing that it canbeusedto supply
linearalgebracomponentfunctionalityto anexisting externalsoftwarepackage.
We give preliminaryperformancefiguresanddiscussavenuesfor futurework.

1 Component-basedApplication Construction

Thereis oftenanapparentconflictbetweenthequalityof scientificsoftwareandits per-
formance.High qualityscientificsoftwarehasto beeasyto re-use,easyto re-engineer,
easyto maintainandeasyto port to new platforms,aswell assuitedto the kind of
thoroughtestingthat is requiredfor instilling confidencein applicationusers.Modern
softwareengineeringachievestheseaimsby usingabstraction:We shouldonly have
to codeoneversionof eachoperation[16], independentlyof thecontext in which it is
calledor the storagerepresentationof participatingdata.The problemwith this kind
of abstract,component-based1 softwareis thatabstractionvery oftenblocksoptimisa-
tion: thefactthatweengineersoftwarecomponentsin isolationmeansthatwehaveno
context informationavailablefor performingcertaintypesof optimisation.

PerformanceInterfaces. Onecommonsolution to this problemis to equip software
componentswith a performanceinterface that allows a calling programto tune not
only thoseparametersthataffect thesemanticsof a component,but alsothosethataf-
fect performance.One examplefor this might be PBLAS [5]: The P DGEMVparallel
matrix-vectorproductroutine takes19 parameters,3 of which are themselvesarrays
of 9 integers.This compareswith 11 parametersfor the equivalentsequentialroutine

1 In this paperwe usethe term componentto refer to separatelydeployableunits of software
reuse,includinge.g. subroutinesfrom librarieslike theBLAS [4].



from BLAS-2 [4]. Theadditionalparametersin PBLAS areusedto selectparalleldata
placement.Thus,whena calling programcontainsa seriesof PBLAS routines,these
parameterscanbeusedto choosea setof dataplacementsthatminimisetheneedfor
redistributionsbetweencalls.Assumingthat the applicationprogrammerknows what
the optimal datalayout is, the performanceinterfacesolutionis of course“optimal”.
However, calling routineswith suchlarge numbersof parametersis very tediousand
highly likely to induceprogrammingerrors.Furthermore,selectingoptimaldataplace-
mentsis oftenanNP-hardproblem[14], soexpectingapplicationprogrammersto make
theright choicewithout accessto suitableoptimisationalgorithmsis unrealistic.

1.1 Background: RelatedWork

Code-Generating Systems.Several systemshave beendescribedthat automatically
adaptnumericalroutinesto new computerarchitectures:PHiPAC [3] usesparame-
terisedcodegeneratorsandsearchscriptsthatfind optimalparametersfor agivenarchi-
tectureto generatematrix multiply routinesthatarecompetitive with vendorlibraries.
ATLAS (automaticallytunedlinearalgebrasoftware)[19] usescodegeneratorsto au-
tomaticallyadapttheperformance-criticalBLAS library [4] to new architectures.

TelescopingLanguages. Thetelescopinglanguageswork [13] is in someaspectssim-
ilar to code-generatingsystemsdiscussedabove; however, the aim is not to optimise
individual routinesto exploit machinearchitectures,but ratherto optimiselibrary rou-
tinesaccordingto thecontext in which they arecalled.Thestrategy is to exhaustively
analysea library off-line, generatingspecialisedinstancesof library routinesfor differ-
entcallingcontexts.This is combinedwith a languageprocessorthatrecogniseslibrary
callsin userprogramsandselectsoptimisedimplementationsaccordingto context. This
work is currentlystill verymuchin-progress.

TemplateMeta-programming. GenericProgrammingtechniquesin C++havebeenused
for example in MTL [16]: eachalgorithm is implementedonly onceas an abstract
template,independentlyof the underlyingrepresentationof the databeing accessed.
Optimisationin this framework is achieved by using C++ effectively as a two-level
language,with thetemplatemechanismbeingusedfor partialevaluationandcodegen-
eration[18]. However, as pointedout by Quinlan et al. [15], a serial C++ compiler
cannotfind scalableparalleloptimisations.A furtherpossibleproblemwith this tech-
niqueis that templatesmake heavy demandsof C++ compilerswhich on at leastsome
high-performancearchitecturesaremuchlessdevelopedthanC or Fortrancompilers.

Incorporating ApplicationSemanticsinto Compilation. Many library-basedprogram-
mingsystemseffectively provideprogrammerswith asemanticallyrich meta-language.
However, this meta-languageis generallynot understoodby compilers,which means
that both syntacticcheckingand optimisationof the meta-languageare impossible.
MAGIK [9] is a systemthat allows programmersto incorporateapplication-specific
semanticsinto thecompilationprocess.Thiscanbeusedfor examplein specialisingre-
moteprocedurecallsor in enforcingrulessuchthatapplicationprogramsshouldcheck



the return codeof systemcalls. A relatedsystem,ROSE [15], is a tool for generat-
ing library-specificoptimisingsource-to-sourcepreprocessors.ROSEis demonstrated
throughanoptimisingpre-processorfor theP++parallelarrayclasslibrary.

1.2 DelayedEvaluation, Self-Optimising (DESO)Libraries

Ourapproachis to usedelayedevaluationof softwarecomponentsin orderto re-capture
lost context informationfrom within the componentlibrary at runtime.While execu-
tion is beingdelayed,we canbuild up a DAG (directedacyclic graph)representingthe
dataflow of the computationto beperformed[1]. Evaluationis eventuallyforced,ei-
therbecausewe have to outputresultdata,or becausethecontrol-flow of theprogram
becomesdatadependent(in conditionalexpressions).2 Onceexecutionis forced,we
canconstructan optimisedexecutionplanat runtime,automaticallyandtransparently
changingthebehaviour of componentsaccordingto calling context.

Wehaveimplementedalibrary of delayedevaluation,self-optimisingroutinesfrom
thewidely usedsetof BLAS kernels.Thelibrary performscross-componentdataplace-
mentoptimisationat runtime,aiming to minimisethe costof dataredistributionsbe-
tween library 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.Thispaperis accompaniedby a public releaseof this library [7].

Contributionsof this Paper. We have previously describedthe basicideabehindthis
library [1,2]. Thedistinctcontributionsof this paperareasfollows:

1. We demonstratetheusabilityof our approachby showing how a numberof com-
moniterativenumericalsolverscanbeimplementedin a high-level, intuitiveman-
nerusingthisapproach.

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

3. We give performancefiguresfor four iterative solver algorithmsfrom the IML++
package,whichshow thatfairly goodparallelperformancecanbeobtainedby sim-
ply usingour library togetherwith anexistinggenericalgorithm.

4. We discussthetechniquesusedin implementingtheC++ interfaceto our library.

2 Usability and Software Quality

Oneof the main requirementsfor a high-level parallelprogrammingmodel is that it
shouldbeeasyfor applicationprogrammersto implementscientificalgorithmsin par-
allel. IML++ by Dongarraet al. [8] providesgenericC++ algorithmsfor solvinglinear
systemsusinga varietyof iterative methods.Figure1 (left) shows thegenericIML++
codefor the preconditionedbiconjugategradientalgorithm.Note that this C++ code

2 Weshow examplesof bothkindsof forcepointsin Section2.



1 template < class Mat r i x , class Vec t o r ,
2 class Pr ec ond i t i on e r , class Rea l >
3 int Bi CG( const Mat r i x &A, Vec t o r &x ,
4 const Vec t o r &b , const Pr ec ond &M,
5 int &max _ i t e r , Rea l &t o l ) {
6 Vec t o r r ho_1 ( 1) , r ho_2 ( 1) , a l pha ( 1 ) , be t a ( 1 ) ;
7 Vec t o r z ( x . s i z e ( ) ) , z t i l de ( x . s i z e ( ) ) ;
8 Vec t o r p ( x . s i z e ( ) ) , p t i l de ( x . s i z e ( ) ) ;
9 Vec t o r q ( x . s i z e ( ) ) , q t i l de ( x . s i z e ( ) ) ;

10 Vec t o r r ( x . s i z e ( ) ) ; r = b - A * x ;
11 Vec t o r r t i l de ( x . s i z e ( ) ) ; r t i l de = r ;
12 Rea l r es i d , nor mb ; nor mb = nor m( b ) ;
13 // Omitted check whether already converged
14
15 for( int i = 1 ; i <= max _ i t e r ; i ++ ) {
16 z = M. s o l v e ( r ) ;
17 z t i l de = M. t r ans _s o l v e ( r t i l de ) ;
18 r ho_1 ( 0) = do t ( z , r t i l de ) ;
19 // Omitted check for breakdown
20 if ( i == 1) {
21 p = z ;
22 pt i l de = z t i l de ;
23 }
24 else {
25 bet a ( 0 ) = r ho_1 ( 0) / r ho_2 ( 0) ;
26 p = z + bet a ( 0 ) * p ;
27 pt i l de = z t i l de + bet a ( 0 ) * p t i l de ;
28 }
29 q = A * p ;
30 qt i l de = A. t r ans _mul t ( p t i l de ) ;
31 a l pha ( 0) = r ho_1 ( 0) / do t ( p t i l de , q ) ;
32 x += a l pha ( 0) * p ;
33 r - = a l pha ( 0) * q ;
34 r t i l de - = a l pha ( 0) * q t i l de ;
35
36 // DESO++: Need to force evaluation of x
37 des o : : ev a l ua t e ( x ) ;
38
39 r ho_2 ( 0) = r ho_1 ( 0) ;
40 if ( ( r es i d = nor m( r ) / nor mb ) < t o l ) {
41 t o l = r es i d ; max _ i t e r = i ; return 0;
42 }
43 }
44
45 t o l = r es i d ; return 1;
46 }

1 #include < Par Des o . h ++>
2 #include " i nc l ude / b i c g . h " // IML++ BiCG template
3
4 int mai n ( int ar gc , char * a r gv [ ] ) {
5 int SZ, max _ i t e r ;
6 int r es u l t = - 1 ; // CG return code
7
8 des o : : i n i t i a l i s e ( &ar gc , &ar gv ) ;
9

10 SZ = at o i ( * ( ++ ar gv ) ) ;
11 max _ i t e r = a t o i ( * ( ++ ar gv ) ) ;
12
13 // Create and read in matrix
14 Mat r i x <double> A( SZ , SZ ) ;
15 des o : : f i l eRead ( A, " f i l ename_A " ) ;
16
17 // Create rhs and solution vectors
18 Vec t o r <double> b ( A. x s i z e ( ) ) ;
19 Vec t o r <double> x ( A. y s i z e ( ) ) ;
20 des o : : f i l eRead ( b , " f i l ename_b " ) ;
21 des o : : f i l eRead ( x , " f i l ename_x " ) ;
22
23 // Create identity preconditioner
24 Di a g Pr e c o n d i t i o n e r <double> I ( SZ , " I " ) ;
25
26 // Convergence tolerance
27 double t o l = ( 50 . 0 * DBL_EPSI LON ) ;
28 Sc a l a r <double> er r ( t o l ) ;
29
30 des o : : s t a r t Ti mer ( ) ;
31
32 r es u l t = Bi CG( A, x , b , I , max _ i t e r , e r r ) ;
33
34 t o l = des o : : r e t u r nVa l ue ( e r r ) ;
35
36 des o : : s t opTi mer ( ) ;
37
38 if( des o : : i s Cont r o l l e r ( ) ) {
39 pr i n t f ( " \ nFi na l t o l e r anc e : %. 10 f . \ n " , t o l ) ;
40 }
41
42 des o : : p r i n t Ti me ( SZ) ;
43
44 des o : : f i na l i s e ( ) ;
45
46 return ( r es u l t == 1 ? 0 : - 1 ) ;
47 }

Fig.1. IML++ PreconditionedBiConjugateGradienttemplatefunction(left), togetherwith call-
ing program(right).

is almostas high-level as pseudocode,the only likely differencebeing varioustype
declarations.We believe that the API definedby IML++ satisfiesthe requirementsof
beingeasy-to-use,high-level andabstract.SincetheC++ BiCG functionis a templated
(generic)function,it hasto beinstantiatedwith a Matrix , Vector , Precond andReal
classin orderto becalled.Thetemplatefunctionimplicitly definestheAPI theseclasses
needto implement,suchasoverloadedoperatorsfor vector-matrixcomputations.

DESO++,the C++ interfacefor our delayedevaluation,self-optimisinglinear al-
gebralibrary, providesparallelmatrix, vector, scalarandpreconditionertypesthat im-
plementtheAPI requiredfor instantiatingIML++ templatealgorithms.Figure1 (right)
showsanexecutableparallelprogramwhich is obtainedby instantiatingtheBiCG tem-
plate.Thisdemonstrates:

– A parallelBiCGsolvercanbeimplementedsimplybycreatingDESO++objectsfor
initial matricesandvectors,choosinga DESO++preconditionerandthencalling
theIML++ template.

– Notethateachoperatorin theBiCG templatewill call adelayedevaluationparallel
function,building up a DAG representingthe computationto be performed.Exe-
cution is forcedeithertransparentlyon conditionals,suchasthe convergencetest
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Fig.2.Performanceof four differentparalleliterativealgorithmsimplementedusingIML++ tem-
plateswith DESO++.Theplatformis a (heterogeneous)clusterof AMD Athlon processorswith
1.0or 1.4GHz clockspeed,256KB L2 cache,256or 512MB RAM, runningLinux 2.4.17and
connectedvia a switched100Mbit/sethernetLAN. Theproblemsizein eachcaseis adensema-
trix of size7200 � 7200.Theleft graphshowsabsoluteperformancein MFLOP/s,theright graph
shows speedupover a handwrittensequentialC-languageversionof thesamealgorithm.

in line 40, or explicitly by usingthedeso::evaluate function.The lattercanbe
seenin line 37.Thereasonwhy we have to manuallyforceevaluationof thesolu-
tion vectorx hereis becausethecontrolflow of theprogramneverdirectlydepends
on x. Alternatively, we could wait until function exit whenx would normally be
written to disk,which would alsoforceevaluation.

IML++ waswritten with the aim of beingusablewith a diverserangeof vectorand
matrixclasses.Sincethecodeweinstantiatedrequiredvirtually nochanges,webelieve
that our parallel library shouldbe suitablefor transparentlyparallelisinga rangeof
existing applicationsthatcurrentlyrely on sequentialvectorandmatrix classeswritten
in C++ to implementanAPI similar to IML++.

3 Performance

Wehaveimplementedfour differentiterativesolversin parallelin themannershown in
Section2: ConjugateGradient,preconditionedBi-ConjugateGradient,preconditioned
Bi-ConjugateGradientStabilisedandConjugateGradientSquared.The performance
we obtainis shown in Figure2.

– Notethatall thesealgorithmshaveO � N2 � computationcomplexity onO � N2 � data,
which meansthat thereis only limited scopefor gettinggoodsequentialperfor-
mancebecauseof memoryre-use.

– The measurementswe show in Figure 2 are obtainedwithout performing data
placementoptimisationat runtime [1]. We believe that the performancecan be
improvedby optimisingdataplacementto eliminateunnecessarycommunication.

– Evenwithoutdataplacementoptimisation,aspeedupof about15ona25-processor
commodityclusterplatformis encouraging,givenhow easyit wasto obtain.



4 C++ Interface

In this sectionwe discusssomeof the designdecisionsandC++ programmingtech-
niquesthatwereusedin implementingtheDESO++interface.TheDESO++interface
is built fully on top of theC interface,i.e. it calls thefunctionsandusesthedatatypes
from ourC languagelibrary API. In theC languageinterface,theresultsof delayedop-
erationsarerepresentedby handles(which ultimatelyareinteger indicesinto the data
structurestoringtheDAG for thecomputationbeingperformed).Theapplicationpro-
grammerhasto forceevaluationof suchhandlesexplicitly beforebeingableto access
thedata.In C++,wecandobetterby usingoperatoroverloading:For example,theforce
thathappenson theconditionalstatementsin line 40of Figure1 is entirelytransparent.

Reference-CountingSmartPointers. Thefollowingexampleillustratesapotentialprob-
lemthatcouldarisedueto our useof delayedevaluation:

1 Vec t o r &f un ( const Vec t o r &x , const Sc a l a r &be t a ) {
2 Vec t o r a ;
3 a = be t a * x ;
4 return ( x + a ) ;
5 }

In oursystem,this functionwould returna handlefor a delayedexpression,to beeval-
uatedwhenthe returnvalueof the function is eventuallyforced.The problemis that
on functionexit, a would normallybedestructed,leaving thereturnvalueof thefunc-
tion having an indirect referenceto an invalid handle.We resolve this issueby using
reference-countingsmartpointers,via an extra level of indirection,for accessingde-
layedhandles.

ExpressionTemplates.Weuseexpressiontemplatessimilarto thosein Blitz++ [17] and
POOMAII [12] for parsingarrayexpressionssuchasr = b - A * x. Constructionof
suchexpressionsis fully in-lined. Executionof the assignmentoperator= triggersthe
actualconstructionof theDAG of delayedoperationsrepresentingtheexpression.

Careful Separationof CopyConstructorsandAssignmentOperators. Non-basictypes
suchasour handlesfor the resultsof delayedoperationstrigger copy constructorsin
C++ evenfor thepurposeof parameterpassing.We initially definedcopy constructors
asmakingdelayedcallsto theBLAS copying routine copy . This resultedin vastnum-
bersof superfluousdatacopies.We thereforetook the designdecisionto definecopy
constructorsasmakingaliases,whilst theassignmentoperatoractuallycopiesdata.

Traits. Thetraitstechnique[18] allowsprogrammersto write functionsthatoperateon
andreturntypes. This techniqueis very usefulwhenimplementinggenericfunctions,
in particulargenericoperatorssuchas* . We couldenvisagewriting agenericinterface
for * asfollows:

1 template< t y p e n a me T1 , t y p e n a me T2 >
2 inline Re t u r n _ Ty p e operator* ( const T1 &m1 , const T2 &m2 ) {
3 // ...
4 }



WhatshouldReturn Type be?Traitsallow usto defineafunctionthatgivesthecorrect
type:

1 template< t y p e n a me T1 , t y p e n a me T2 >
2 class _ p r o mo t e _ p r o d u c t {
3 // General case: type of product is type of first operand.
4 typedef T1 Va l u e _ Ty p e;
5 } ;
6
7 template< t y p e n a me T2 >
8 class _ p r o mo t e _ p r o d u c t < Sc a l a r <double>, T2 > {
9 // But Scalar * any T2 is always T2

10 typedef T2 Va l u e _ Ty p e;
11 } ;
12
13 template< >
14 class _ p r o mo t e _ p r o d u c t < Vec t o r <double>, Vec t o r <double> > {
15 // Special case for dot product: Vector * Vector = Scalar
16 typedef Sc a l a r <double> Va l u e _ Ty p e;
17 } ;

Thereturntypefor * would thenbe promote product<T1, T2>::Value Type . Note
thatthis examplehasbeenvery muchsimplifiedin orderto illustratetheprogramming
techniqueused.

5 Conclusion

Wehavedescribeddelayedevaluation,self-optimisingsoftwarecomponentsasapossi-
ble wayof bridgingtheapparentconflict betweenthequality of scientificsoftwareand
its performance.We havepresenteda library which implementsthis proposalandhave
shown that this canbeusedto write parallelnumericalalgorithmsin a very high-level
intuitivemanneraswell asto transparentlyparallelisesomeexisting sequentialcodes.

Skeletonswithouta Language. It is interestingto considerhow ourwork compareswith
theSkeletonsapproachto parallelprogramming[6,10]. Typically, skeletonsprovide a
languagefor expressingthecompositionof computationalcomponents.Thebenefitof
this is that we have very precisehigh-level structuralinformation aboutapplication
programsavailable for the purposeof optimisation.This informationcanbe hard to
captureautomaticallywhenusingcompilersfor commonimperative languages.In our
approach,the informationwhich is providedthroughhigh-level constructsin skeleton
programsis insteadcapturedat runtimeby usingdelayedevaluation.
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