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Abstract

We have implementedthe Bernoulli genericprogramming
systemfor sparsematrix computationsWhatdistinguishes
it from existing genericsparsematrix librariesis thatwe use
(i) ahigh-level matrix abstractiorfor writing genericmatrix
programs(ii) alow-level matrix abstractiorfor describing
theindexing structureandpropertieof sparsematricesfor-
mats, and (iii) restructuringcompiler technologyto trans-
form the high-level genericprogramsinto concreteimple-
mentationghat efficiently accessparsematricesusingthe
low-level abstraction.

This paperdescribeghe Bernoulli GenericMatrix Li-
brary (BGML). The BGML is the C++ implementationof
thesehigh-level andlow-level abstractionsWithin our sys-
tem,it senesasthe“glue” betweerusers sparsamatrix for-
matimplementationsndthe restructuringsparsecompilet
In this paper we presentthe interfacesof the BGML and
give examplesof their use. Becauseof its role, it is criti-
cal thatthe BGML notimposemuchof anoverheadon the
compiler generateccode. We discussthe implementation
techniqueghat we hadto useto getthe mostperformance
from theBGML. We alsodiscusghedifficultiesthatwe en-
counteredn usingavailableC++compilersonthe BGML.

1 Introduction

Genericprogrammingis a methodologyfor simplifying the
developmenbf librariesin which a setof algorithmshave to
beimplementedor mary datastructuresCodeexplosionis
avoidedby mandatinga commonAPI whichis (i) supported
by all datastructuresand(ii) usedto expressalgorithmsin a
genericdata-structuraeeutraffashion.For example theC++
StandardTemplateLibrary (STL) [2] usesthe API of one-
dimensionakequenceasthe interfacebetweendatastruc-
turessuchasarraysandlists,andalgorithmssuchassearch-
ing andsorting. Thetype systemf modernlanguageper
mit thedatastructuramplementationandgenerigprograms
to be type-checke@ndcompiledseparatelya concretam-
plementations produceddy linking a genericprogramwith

a particulardatastructuramplementation.

Thereis however a tensionin the designof genericpro-
grammingAPI’'sthatbecomegvidentin someproblemdo-
mainssuchas sparsematrix computations.For densema-
trices, highly efficient implementationf the Basic Lin-
ear Algebra SubroutinegBLAS) [9] are usually provided
by hardwarevendors. For sparsematrices,the problemof
developing BLAS librariesis complicatedby the fact that
someforty or fifty compessedformatsare usedto avoid
storing zeros. Mary attemptsat writing sparseBLAS li-
brarieshave beenconfoundedby the codeexplosion prob-
lem[8, 20]. Althoughit appearshatgenerigorogrammings
thesolutionto this problem,it is notclearthatanappropriate
API canbe designedor sparsematrix libraries. As we ex-
plainin [16], ahigh-level API thatallowsthe programmeto
expressgenericmatrix algorithmsin anaturalarraynotation
hidesdetailsof sparsematrix formatsfrom the compilet so
performancenay suffer. Ontheotherhand,alow-level API
thatexposeghedetailsof compressetbrmatsis notsuitable
for writing generigprogramsThis problemis likely to occur
in otherproblemdomainsn which datastructureproperties
mustbe exploitedfor high performance.

In our genericprogrammingsystem[16], we solve this
problemby separatinghe API usedfor writing genericpro-
gramsfrom the API usedto describedatastructures.In our
system,genericprogramsare densematrix programs;i.e.
thegenerigprogramwriter views sparsenatricesasrandom-
accesglatastructuresA low-level API describesparsama-
tricesasindexed-sequential-accesttastructures.We use
restructuringcompilertechnologyto transformabstracpro-
gramswritten in termsof the high-level API into efficient
programswhich usethe low-level API. In otherwords,our
restructuringcompiler “instantiates”the genericprograms
into efficient sparsamatrix programs.

To get efficient sparsematrix code,we addressedhree
problems.First, we designecan appropriatdow-level API
for sparsematrixformats[16]. Secondwe developedthere-
structuringcompilertechnologynecessaryo instantiatethe
generic(denseamatrix) programsnto efficient sparsematrix
programd1, 13,24]. Finally, we neededo implementthese



ideasefficiently in an existing language. We choseto use
C++ asit haslanguagdeatureg(namely templatesandin-

heritance)that allow us to expressour API and programs
concisely We call ourimplementatiotheBernoulliGeneric
Matrix Library (BGML). TheBGML is thefocusof this pa-
per It senestwo purposes:

1. The BGML providesa setof interfaceclassedor de-
scribingsparsamatrix formatsto thecompiler

2. TheBGML providesmethoddor arrayaccessotation
usedby the high-level API. That allows genericpro-
gramsto be compileddirectly by a standardC++ com-
piler andexecuted.

The restof the paperis organizedasfollows. In Sec-
tion 2, we discusur motivationfor developingtheBGML.
In Section3 we briefly describethe abstracindex structure
of sparsematricesusedby our compiler In Section4 we
shav the C++ implementatiorof thatindex structure. We
discussour experiencewith C++ templateinstantiationand
compilationin Section5, and concludewith relatedwork
review in Section6.

2 Motivation for the BGML

In this sectionwe presenthigh-level pictureof ourgeneric
programmingystemandthemotivationanddesignrequire-
mentsfor theBGML.

The previous implementation The previous imple-
mentationof our generic programmingsystemdescribed
in [24] had several defectswhich madeit difficult to use.
First, the userhadto write their genericmatrix programsn
BML, alanguageof ourown designthatwassimilarin spirit
to F77. Not only did this requirethe userto learnBML, but
they alsohadto worry aboutinter-languagdinking issues.
Anotherdefectwasthatin orderto implementanewv sparse
matrixformat,theuserhadto write amodulefor ourrestruc-
turing compilerthatimplementedhe format, andto link it
into the compiler This requiredthatthe usermastermary
interfacesandimplementatiordetailsof our compiler

In additionto not being very userfriendly, our system
wasvery large. This wasprimarily becauseur restructur
ing compilerwasresponsibldor performingmethodinlin-
ing and subsequentptimizations. Sincethe sparsematrix
formats“resided”in compilermodules thesewererespon-
sibilitiesthatthecompilerhadto shouldetandcouldnotrely
on abackendccompilerfor.

Another problemwith having the sparematrix formats
available only ascompilermodulesis that the genericpro-
gramscould not be executeddirectly withoutfirst beingrun
throughthe compiler This was becausehe detailsof the
formatswere only presentduring compile-time. Thus, the
genericprogramdid not have semanticperse.

#pragma instantiat e with Bernoulli
template <class T, class BASE>
void mvm(T A, BASE x[], BASE Y[])
t for (int i=0;
yil = 0;
for (int j=0; j<A.colum ns(); j++)

yil  += AG)  * Xl

i<Arows( ); i++)  {

}

I will
template

be instantia ted with the Bernoull i compiler.
void mvm(csr_ matri x<doubl e> A,
double x[], double y[);

Figurel: GenericMVM with Instantiation

The new implementation
we setthefollowing goals.

In redesigningour system,

e Oursparseompilershouldwork asasingletool within
asuiteof toolsof alargergenerigprogrammingsystem.
In particular our sparsecompilershouldwork cooper
atively with an underlyingC++ compilet Our sparse
compilershouldhandlethesparsematrixcomputations,
andleave the other genericprogrammingproblemsto
the C++ compilet

e Theend-useof our systemshouldbe presentedvith a
simplemechanisnwith which to useour sparsecom-
piler. This meansthatthe usershouldbe ableto im-
plementsparsematrix formatsandgenericalgorithms
directlyin C++.

e Our sparsecompiler shouldknit implementationgor
sparsematrix computationsthat are as efficient, and
hopefully more so, than those that the programmer
might have written by hand.

By allowing the userto write sparsematrix formatsand
genericprogramsin C++, we believe that our systemwiill
be mucheasierto use. Also, by relying on an underlying
C++ compilerto perform methodinlining and subsequent
optimization,we cangreatlysimplify the back-endportion
of our system.However, evenif the systemis easyto use,
peoplearenotlikely to useit if it doesnotgenerateodethat
is competitve with hand-writtencode. Thus, performance
mustalwaysbe animportantgoalin ourimplementation.

We are building our systemasa source-to-sourctans-
formation tool. That is, the user first runs his program
thoughour sparsecompilerwhich instantiatessomeof the
the templatedefinitions. The programmeusespragmasas
shavnin Figurel, to indicatewhichtemplatedefinitionsare
to be instantiatedby the sparsecompiler; the restare left
untouched. The sparsecompiler generates transformed
C++ programto be run throughthe underlyingC++ com-
piler which performsthe remaininginstantiationand usual
optimizations.

BGML In orderto makethis designpossiblewe have de-
velopedthe BernoulliGenericMatrix Library (BGML). The
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Figure2: Compressefformats

BGML is alibrary of C++codeghatsenesseveral different
functionswithin our system.

First, the BGML provides an “interface” betweenthe
users sparseamatrix formatsandthe restructuringcompilet
More specifically the userinheritsfrom classeswithin the
BGML (whicharedescribedn Sectiord) in orderto corvey
the relevant detailsof eachsparsematrix formatto the re-
structuringcompiler Putdifferently the restructuringcom-
piler cananalyzethe classhierarchyof eachuserspecified
sparsematrix formatin orderto determinets structureand
properties.

Secondthe BGML givesgenericprogramswell-defined
semanticsThatis, the BGML providesmethoddor imple-
mentingarrayacces®perationslike A(i,j)  showvnin Fig-
urel. By inheritingfrom theclassesn theBGML theusers
sparseamatrix formatsautomaticallyprovide thesemethods.
Thus,thegenericprogramslike the onein Figurel, canbe
compileddirectly by the underlyingC++ compilerandexe-
cuted,evenwithout our restructuringcompilet Therestruc-
turing compiler is allowed to transformgenericprograms
only in waysthatmaintainthe effectsof this execution.

3 Matrix Abstraction

As mentionedearlier thereare at leastforty or fifty com-
monly usedcompressetbrmats;theNIST SparseéBLAS ef-
fort [8] supportsl3 of them.Figure2 shaovs a sparsematrix
andthreecommonlyusedcompressetbrmats.Thesimplest
formatis Co-odinatestorage (COO)in which threearrays
are usedto storenon-zeroelementsandtheir row and col-
umn positions. The non-zeroamay be orderedarbitrarily.
Co-ordinatestoragedoesnot permitindexedaccesso either
rows or columnsof a matrix. CompessedSparseRowstor-
age(CSR)is acommonlyusedformatthat permitsindexed
accesgo rows but not columns. Array values is usedto
storethe non-zeroof the matrix row by row, while another

1In otherwords,the BGML specifieshe low-level APl andprovidesa
defaultimplementatiorof the high-level API. The useronly hasto provide
implementation®f thelow-level API in their formats.

E : Indx— E

map{ F(in) — out: E'}
E¢E

FUFE

v

. attribute
| < attributg . .., attribute>
| < attributex --- x attribute >

Index

Figure3: SparseMatrix Abstraction

arraycolind of the samesizeis usedto storethe column
positionsof theseentries. A third array rowptr hasone
entry for eachrow of the matrix, andit storesthe position
in values of thefirst non-zeroelementof eachrow of the
matrix. Someof therows of the matrix maybe empty

Somesparsamatriceshave smalldenseblocksoccurring
in different positionsinside the matrix. It is importantto
exploit thesedenseblocksto improve storageandcomputa-
tional efficiengy. Figure2 shows Block SparseRow (BSR)
storagewhich can be viewed as a CSR representatiorin
which the non-zerosaresmall denseblocksratherthansin-
glenon-zercelements.

3.1 Index Structure

Thegrammaiin Figure3 is usedto describeheindex struc-
ture of a sparsematrix to our system[16]. The mostim-
portantrule for specifyingindex structures thelndex — £
(nesting productionrule. For example,a CSRmatrixis de-
scribedasr — ¢ — v, indicatingthatrows mustbeaccessed
first, andwithin eachrow, elementswithin columnscanbe
enumerated.The map{ ¥ (in) — out : E} ruleis usedto
describdinearandpermutationtransformation®n the ma-
trix indices.The E’ & E” (perspectiverule meanghatthe
matrix canbe accesseth differentways,usingeitherof the
index structurest’ or E”. The E' U E" (aggregation) rule
is usedto describea matrix thatis a collectionof two for-
mats,suchasa formatin which the diagonalelementsare
storedseparatelyffrom the off-diagonalones. Enumerating
the elementf suchmatrix requiresenumeratingoth £’
andE".

The < attribute . . ., attribute > notationdescribesan
index obtainedfrom multiple co-ordinatesenumeratedo-
getherasin the COOformat(< r, ¢ >— v). Ontheother
hand,< attributex - - - x attribute > denotesndependent
indices,asin adensamatrix(< r x ¢ >— v).

Considerthe Block SparseRow (BSR)formatshown in
Figure2. Eachblock is accessedby a setof block indices
(b, b.), andthe scalarelementswithin eachblock are ac-



cessedy atheoffsetindices(!,,(.). Theview of BSRcan
be expressecasmap{b, * B + I, +— r,b.* B+ 1. — ¢ :
by = b =<1, x 1. > v}.

Eachterm £ is optionally annotatedvith the following
enumeation properties

e Enumeation order. adescriptiorof theorderin which
coordinatevaluescould be enumerateefficiently. For
the CSRformatabore, r is random-accessndwithin
eachrow, ¢ canbeenumerateefficiently in increasing
order

e Enumeation bounds a descriptionof the coordinate
valuesthatactuallyoccurin theenumerationA lower
triangularmatrix, for example,couldbeannotated <
ce<r<N

4 Interfaces of the BGML

Figures4 summarizegshe BGML classeghat a usermust
inherit from in orderto exposethe structureand properties
of their sparsamatrix formatsto therestructuringcompiler.
Enumerations supportedhroughthe useof iteratorsasin
the STL. Enumeratiororderandboundscould be incorpo-
ratedinto the programthroughthe useof pragmasput we
have choserto incorporateorderinformationinto the class
hierarchyby specifyingdifferent classedor enumerations
that are unordered/increasing/decreasietg. The bounds
on the storedindicesare corveyed to the compilerusinga
pragma.

4.1 Interfaces for Views

Eachproductionin theview grammargivenin Figure3 has
an associatednterface,which we have implementedn the
BGML asasmallnumberof abstracbaseclasseslescribed
in Figure4(a). The programmeronveys views of a storage
formatto the sparsecompilerby writing a setof classeshat
inheritfrom theappropriaténterfaces.

The term_nesting abstractclassdenotesan occur
renceof the — operatomwithin theview. This abstractlass
takestwo templateparameters.The first specifiesthe im-
plementationof the iteratorthat canbe usedto enumerate
theindex atthislevel. Thesecondspecifiegsheimplementa-
tion of the substructurdelow this level. An implementation
of CSR,in which the entrieswithin eachrow are storedin
order thatinheritsfrom term_nesting  is shavn in Fig-
ure5. interval_iterator andoffset_iterator
aretwo iteratorabstractlasseshataredescribedater

An index of the form < r;e >— is speci-
fied by inheritingfrom theterm_nesting  abstractclass
and specifyingthat its iterator enumeratesndices of type

2Theinterfacesdiscussedn this paperare, in fact, simplified versions
of the onesusedin the actualimplementation. The detailsthat we have
removedareeithernotimportantor arediscussedn Section5.

Abstractclass Methods
term_scal ar<V> operator V()
term_nest ing <I ,E> I begin) ,1 end()

E subterm( 1)

11 beginl() ,I11 endl()
12 begin2() ,12 end2()
E subterm( 11, 12)

term_nest ing 2<I1 ,12 ,E>

term_map<K,E> K map(E:i ndex_ty pe)
E:index _type unmap(K)
E subterm( )

E1l subtermi()

E2 subterm2()

term_aggr egati on2<E1, E2>

term_pers pecti ve2<E1l, E2> E1 subterml()

E2 subterm2()

(a) Interfacedor Views

Methods

K operator  *()

void operator ++()
K operator  *()

Abstractclass
unordered _i te rat or <K>
(noordering)

g_i te rator <K>,

increasin

decreasi ng_it erat or< K> void operator ++() ,or
(one-wayordering) void operator --()
inheritsfromt
ordered_ it er ato r< K>
(bi-directionalordering)
inheritsfromt
offset_i ter at or <K> int operator  -(iterato r)
(orderedwith distance) void operator  +=(int)
void operator -=(int)

inheritsfromt
interval_  ite rato r<K>
(rangeof keys)
(b) Interfacedor Iterators

Figure4: BGML Interface<lasses

pair<int,int> . This is illustratedby the implementa-
tion of Co-ordinatestorageshovn in Figure6.

An index like < r x ¢ >— - - - hastwo independenit-
erators.To specifythesesortsof views, term_nesting2
etc., abstractclassesare provided which allow the imple-
mentationof eachindependeniteratorto be specified.Fig-
ure 7 shavs an implementatiorof densematricesthatuses

theterm_nesting2  interface.
By a very simple analysisof theseclassesthe sparse
compilercaninfer thefollowing relationships,

coo_matr ix: /[ <rec> > v
term_nest in g< unordered _i te rat or < pair<int,i
term_scal ar <BASE> >

nt> >,

csr_matr ix: /[ r -> ¢ > v
term_nest in g< interval_ it erato r<in t>,
term_nest in g< offset_it erator<int>,
term_scal ar <BASE> > >
dense_matri x: /[ <r x ¢> -> v
term_nest in g2< interval _i te rat or <i nt>,
interval _i te rat or <i nt>,
term_sca la r< BAE> >

which clearlyindicatethe nestedstructureof theseformats,
andthe propertiesf theiteratorsthatareusedat eachlevel.

Interfacesfor expressingperspectie, aggrgation and
maparealsoavailable.



template <clas s BASE>
class csr_matri  x
public  term_nest in g< interval_ it erato r<in t>,
csr_row<B ASE> > {
i

b

template <clas s BASE>
class csr_row
public  term_nest in g< csr_row_i te rator <BASE>,
term_scal ar <BASE> > {
i

b

template <clas s BASE>

class csr_row_i terat or
public offset it erator<int> {
i

Figure5: CSRusingtheBGML

template <clas s BASE>
class coo_matri x
public  term_nest in g< coo_itera to r< BAE>,
term_scal ar <BASE> > {
i

b

template <clas s BASE>

class coo_itera tor
public  unordered _i te rat or < pair<int,
i

int > > {

Figure6: COOusingtheBGML

/I  Dense matrix storage
template <clas s BASE>
class dense_matri x
public  term_nest in g2< interval _i te rat or <i nt>,
interval _i te rat or <i nt>,
term_sca la r< BASE> > {
i

Figure7: Denseusingthe BGML

4.2 Interfaces for Iterators

The abstractclassedor the iteratorsare describedn Fig-
ure4(b).

Iteratorsin the BGML areusedfor enumeratingndices
only. Thatis, they do not provide methodsor accessinghe
substructurednsteadthe substructureareobtainedvia the
subterm methodin eachterm_nesting  class. Thisis
done becausavheneer two independeniteratorsappeain
alevel of theindex nesting(e.qg.,in thedensematrix storage
format),thematrix elementsareassociatedvith two indices
from two differentiterators. Sincein this case thevalueis
notassociatewith asingleiterator it cannoteaccesseuia
a methodin eitheriterator Thus,the methodfor accessing
thevalueis placedin theterm_nesting  classes.

In addition to unordered_iterator ,
increasing_iterator , and
decreasing_iterator iterators, we provide the
offset_iterator interface for iterators whose
positions can be randomly accessed,similar to the
random_access_iterator 's found in the STL.

The interval_iterator is a refinement of
offset_iterator , Which is used to representall
of the integer indices betweena fixed lower and upper
bound.

4.3 An Example: Compressed Row Storage

In orderto illustratethe useof the BGML, herewe present
anextendedexampleof its use.

Theindex structureof the Compresse&parseRow stor
age(CSR)in Figure2 canbedescribedisr — ¢ — v.

Classcsr_matrix  is thetop-level classimplementing
the CSRformat. It providesaccesgo therows of the sparse
matrix andcorrespondso ther — - - - termin the abstract
view. As the arrayrowptr providesrandomaccesgo a
particularrow in the matrix, this nestingevel is describedo
thecompilerasinterval_iterator

M M0
I csr_matr ix /A
M M0

template <cl ass BASE>
class csr_matri x :
public  term_nest in g< interval_ it erator,
csr_row<B ASE> >

{
public:
int  * rowptr;
int  * colind;
BASE * values;
template< cl ass A_CLASS>
/I Construc tor s & destructo rs
csr_matri  x( const proto_te rm<
typename A _CLASS:t raits _type,
A_CLASS> &A)
own_stor age_p(t rue) { .. }
“csr_matr ix () { }
..
/I Implementat io n of the term_nest ing< .. >
/I interfac e
iterator_  ty pe v_tn_begi n() const
{ return interval _iterator (0); }
iterator_  ty pe v_tn_end( ) const

{ return interval _iterator (r ows() ); }
subterm_t ype v_tn_sub te rm(i ter ator _ty pe it) {
int i = *it;
int jj_Ib = rowptr[i] , jiub = rowptr[i+ 1];
return  csr_row<BA SE>(
columns( ), colind, values, jj_Ib, ji_ub);
}
b
Theclassexsr_row andcsr_row_iterator pro-

videaccessothenon-zeraelementsvithin arow of theCSR
matrix. They implementthec — v partof theabstracwiew.
The offset_iterator tells the compilerthat elements
within arow aresorted.

M /A A
n csr_row "
1 M1 e i

template <cl ass BASE>
class csr_row
public  term_nest ing <
csr_row_i te rato r<B ASE>,
term_scal ar <BASE> >

{
public:



int  * indices;
BASE * storage;
int Ib; int ub; // ub is not inclusive.
/I Construc tors & destructo rs
template< cl ass V_CLASS>
csr_row(c onst proto_ter m<
typename V_CLASS:tr ai ts _ty pe,
V_CLASS> &v)
own_storag e_p(tru e) { .. }
“esr_row( ) {
..
/I Implementatio n of the term_nest ing< ..
iterator_  ty pe v_tn_begi n() const
{ return csr_row_it er at or <BASE>(
indices, storage, b); }
iterator_  ty pe v_tn_end( ) const
{ return csr_row_it er at or <BASE>(
indices, storage, ub); }
subterm_t ype v_tn_subte rm(i terat or _type it) {
return  storage[i tj j] ; }

> interfac e

b

M /A
/A csr_row_i terator /A
M /A

template <clas s BASE>
class csr_row_i terat or
public  offset it erator<int>

protecte d:
int  * indices; BASE * storage ;
it jj;
public:
csr_row_i terator (i nt *indices =0,
BASE *storag e = 0, int jj = -1)
indices(in  di ces), storage( st orage), jj(ij)

{}
/I Implementatio n of the offset it erator interface

const key type v_deref( ) const

{ return indices[jj 1}

bool v_equal( const csr_row_ it erato r< BAE> &y)
const
{ return jj ==vyj; }

void v_set(co nst csr_row_ it erato r< BASE> &y)
ti =vyis 3}
int v_distanc e(c onst csr_row_ ite rato r<BASE> &y)
{ return jji - yiji; o}
void v_incr_d elt a(int d) { jj +=4d; }
void v_decr_d elt a(int d) { j -= d; }

After instantiatingthe genericmatrix-vectormultiplica-
tion programshaovn in Figure 1 for the CSR format, our
compilerproduceghe C++ codeshovn below.

template <>

void mvm(csr_ mdr ix< double> &A, double x[], double y[])
{
for (nt i =0; i < Arows(); i++)
yil = 0.0;
for (interval _it erator it r = Abegin() ;
it.r 1= Aend(); it_r++) {
int r = *it_r;
csr_row<d ouble > Ar = A.subterm (i t_r );
for (crs_row _i te rat or <double >
it c = Ar.begin( );
itc != Arend() ; itc++) {
int ¢ = *it_c;
double v = Ar.subte rm(it _c);
yIrm  += v * Xl
}
}
}

5 Template Instantiation and Performance

5.1 Implementing for Performance

When we startedimplementingour genericprogramming
systemwedid soin thesafesandmoststraightforwardvay.
This implementatiorperformedabysmally Several aspects
of thisimplementatiorthatturnedoutto bepivotalto its per
formancearediscussedbelow.

Virtual Methods The first is the use of abstractbase
classes.lt is standardoractice[25] whenprogrammingin
C++ to definebaseclassesvhich containunimplemented
virtual methods.Theseso-calledabstracbaseclassesene
asinterfacesin the sensethat ary classthat inherits from
themis requiredto implementall of the virtual methods.
Unfortunatelyvirtual methodinvocationsaregenerallyery
expensve. Not only is the overheadof invoking a virtual
methodhigh, but the mere presenceof a call to a virtual
methodusuallypreventsmethodnlining andsubsequerdp-
timization.

/I Abstract

class BASE{
virtual int  mthd1()
virtual int  mthd2()

base class

0;
0;

b

/I Class to implement BASE interface

class DERIVED : public BASE {
virtual int  mthd1() { .. }
virtual int mthd2() { .. }

b
void foo (BASE &x, DERIVED &y) {

/I neither  of these calls can be resolved without
/I knowing the actual type of x and vy.

x.mthd1()

y.mthd2()

This problem is discussedin some detail by Veld-
huizen[29]. In our new implementationwe choseto use
what Veldhuizencalls the “Barton and Nackmantrick”. In
this case the derived classappearsasa templateagument
to the abstractbaseclass. Then, insteadof using virtual
methoddispatchthe“virtual” methodsn thebaseclasscast
thethis pointerto the derived class,andtheninvoke the
appropriatanethoddirectly from thederivedclass.

/I Abstract base class

template <cl ass C>
class BASE{

int  mthd1()

{ return static_cas t<C&(*th is ). mthdl_body() ; }
int  mthd2()

{ return static_cas t<C&(*th is ). mthd2_body() ; }

I

/I Class to implement BASE interface
class DERIVED : public BASE<DER/ED> {
int mthdl_body () { .. }
int mthd2_body () { .. }
b

template <cl ass C>
void foo (BASE<C> &x, DERIVED &y) {



/I both of these methods can be staticall y
/ resolved and then inlined.

x.mthd1()

y.mthd2()

Therestrict keyword Thepotentialfor aliasingbe-
tween pointers severely restricts mary optimizationsthat
canbe performedin all but the mosttrivial C++ programs.
In ANSI/ISO C [10], the keyword restrict was intro-
ducedto addresghis problem. Whenrestrict is used
to qualify a pointeror referencejt roughly meanshat“no
otherpointeror referencepointsto the samememoryasthis
pointer or reference”. In otherwords, nothingcan aliasa
restrict  'ed pointet

Even thoughit is not part of the C++ standardwe use
the restrict throughoutour new implementation. If a
compilerdoesnot supportthis keyword, thenwe ensurehat
it is definedto a macrothatexpandso anemptystring.

Runtime decision trees The third aspecimportantto

performancewas the use of “decisiontree” style codeto

control the behaior of the algorithm. The matrix-times-
matrixoperationn theNIST SparséBLAS library computes
C « ax Ax B+ pxC. Thereareseseral detailsthatthe

usermustspecifyin orderto controlthebehaior of thebasic
algorithm,

o whetheror not A or AT is to beused.

o whetherthematricesareindexedwith O (for C/C++)or
1 (for Fortran).

In addition,thereareseveral propertieghatcanbeexploited
by thealgorithmto improve performance,

e If & = 1, thenscalingby « is a nop, which canbe
optimizedaway.

e If B andC arematricesthenaloopis requiredto visit
the elementswithin theirrows. If B andC' arevectors,
thenasinglearrayaccessnaybeusedfor each“row”.

e Thereareadditionalpropertieshaving to do with sym-
metryandstructurethatcanalsobe exploited.

Whenwe first wrote the matrix-times-matrixoutine,we
useda sequencef conditionals‘decisiontree” in orderto
identify the particularscenaricathand.

void mm(..., double alpha, int offset, ) {
if (alpha == 0.
if (offset == 0)
/I alpha == 0. && offset == 0 && ...
else
/I alpha == 0. && offset == 1 && ...
else if (alpha == 1)
if (offset == 0)
/I alpha == 1. && offset == 0 && ...
else
/I alpha == 1. && offset == 1 && ...
else

/I only handle 0. and 1. for this
assert(fal  se);

example

As the numberof decisionsthatwe wantedto makein-
creasedthe codeincreasedxponentially Thecodequickly
becamdlifficult to write andmaintain. This led usto keep
the numberof decisionssmall, which resultedin moregen-
eralcodethatwasspecializedor fewer cases.
In the new implementationye usedtemplatedunctions
to maketheamountof codethatwe hadto write linearin the
numberof decisions.We did this by first introducingsome
auxiliary classeshat,in effect, encoded:onstantssuchas0
andl, astypes.
template <cl ass BASE>
class spblas_nu m {
private:
BASE x;

public:
spblas_nu m(BAE x) : x(x) { }
operator BASE() const { return x; }

b

template <cl ass BASE>

class spblas_ze ro : public spblas_nu m<BASE> {

public:
spblas_ze ro() : spblas_nu m<BAE>0) { }
operator BASE() const { return O0; }

h

template <cl ass BASE>

class spblas_on e : public spblas_n unm<BASE> {

public:
spblas_on e() : spblas_n um<BASE>(1) { }
operator BASE() const { return 1; }

Then,we brokeour codeinto a sequencef smallproce-
dures,whereexactly onedecisionwasmadein eachproce-
dure. In eachprocedureconditionalssuchas“alpha ==
0. " resultin avalueof type“spblas_zero<double> "
beingpassedsalpha tothenext procedure.

void mm(...,

if (alpha == 0.

mml(..., spblas_z ero<doubl e>() , offset, )
else if (alpha == 1)

mml(.., spblas_o ne<double >(), offset, )
else

/I only handle 0. and 1. for this

assert(fal  se);

double alpha, int offset, ) {

example

}

template <cl ass ALPHA>
void mmi(..., ALPHA alpha, int offset, )

if (offset == 0)
mm2(..., alpha, spblas_ zer o<in t>( ), ..)
/I alpha == ?? && offset == 0 && ...
else
mm2(..., alpha, spblas_ one<int>(), ..)
/I alpha == ?? && offset == 1 && ...
}

template <cl ass ALPHA, class
void mm2(..., ALPHA alpha,
{

}

OFFSET>
OFFSET offset, )

/I just use ‘alpha’ and ‘offset’

Whenthis codeis compiled,four instancef mm?2are
instantiated.In eachof thesecasesthe constantvaluesof



alpha andoffset areavailableoncemethodinlining is
perfermed. The endresultis that we canhandleas mary
casesaswe wantwhile only having to write alinearamount
of code.

5.2 Existing C++ compilers

We werenot terribly happywith the C++ compilersthatwe
usedto compile our codes. In mary casesthe compiler’s
conformanceto the C++ standardwas questionable. The
Microsoft Visual C++ compiler (6.0 sp3)[6], for instance,
doesnotcorrectlyscopeidentifiersdeclaredn theinitializer
of for statementgthereis a trick to get aroundthis), nor
doesit allow staticmemberdo beinitialized inside of tem-
plateclassegthereis no suchtrick in this case).Even G++
2.95.2,the latestversion of the GNU C++ compiler[26],
comeswith aversionof the StandardC++ librariesthatdoes
notinteractwell with the useof namespace constructsn
theuserscode.

Evenwhenwe could getour codeto compile,we found
that its performancewas usually poor. Mary of the com-
pilers that we testedappeamot to performall of the inlin-
ing andoptimizationnecessaryo obtainthe level of perfor
mancethata programmemvould obtainby writing the code
directlyin C. It wasnotuncommorto obsere a slowdown
of afactorof 3to 5in thecompiledC++ code.In somecases
we evenobsereda slowvdown of 70!

The notableexceptionto this was Kuck and Associates
KCC compiler [14]. Not only did this compiler adhere
closely to the standard,but it producedthe most efficient
codeof all of thecompilersthatwe tested.

5.3 Performance

The following table shavs the performanceof the code
from our systemcompiled using various C++ compilers.
Therow labeled“g++” refersto GNU g++ 2.95.2,andthe
row labeled“KCC” refersto KAl KCC 3.4f. The col-
umnlabeled'BGML"” shavsthe performancef our C++in
megaflopsandthecolumnlabeled'NIST” shavstheperfor
manceof equivalentcodetakenfrom the NIST C SPBLAS
library [19]. Bothcodeswverecompiledusingthe samecom-
piler at the samelevel of optimization. All codeswererun
ona300MHzPentiumll runningRedhat.inux 6.1.

| BGML | NIST | ratio
g+ ‘ 9.87 ‘ 32.19‘ 0.31

KCC | 29.64 | 31.25| 0.95
Figure8: Performancef C++ vs. handwrittenC
Weareencouragetb seethattheKCC compilerwasable

to getwithin 5% of the handwrittencode. This indicatesto
usthatour approactandimplementatiorarereasonabland

efficient, andthat the othercompilershave alot of work to
doin orderto catchup with KCC.

6 Related Work

Generic programming Our work is in the spirit of
genericprogrammingwvhichis “the ideaof abstractingrom
concrete efficient algorithmsto obtain genericalgorithms
thatcanbe combinedwith differentdatarepresentationt
producea wide variety of usefulsoftware”[17]. An impor-
tantdifferencefrom existing genericprogrammingsystems
is thatin our systemthe API usedin writing genericalgo-
rithmsis differentfrom the API thatis supportedy theim-
plementorsof compressedormats. Supportingdual API's
effectively requires advancedrestructuringcompiler tech-
nologyand can be viewed as a sophisticatedorm of tem-
plateinstantiation

Otherresearcherbave recognizedthat the level of ab-
stractionof programscan be raisedby combininggeneric
programmingwith more sophisticatedompilertechnology
thanis usuallyavailablefor templatdnstantiation. Ourwork
is closein spirit to that of Batory and co-workers[22,23]
who have usedsimilar ideasin designingthe DiSTiL sys-
tem,a softwaregeneratofor containerdatastructuresDiS-
TiL is adeclaratve languagehatextendsC with constructs
for specifyingcomplex datastructuresdeclaratvely. Data
structuresare specifiedby type equationghat permitcom-
positionof DiISTIL componentsWhenaDiSTiL programis
compiled,thesedeclaratie specificationarereplacedwith
efficient C implementationdy the DiSTIL compiler DiS-
TiL’s goalis to supportstandarddatastructuresnot sparse
matrices,and no restructuringof codeis done during the
compilationprocess.

Aspect-oriented programming TheProgrammeAPI
presentsa simpleview of compressedormatsthat permits
programmerso write genericcode,but it doesnot by itself
permit the compiler to generateefficient code. the Com-
piler API conveys additionalinformationaboutcompressed
formatsto the compilerin orderto permitit to generate
more efficient code. Theseadditional propertiescross-cut
theget/set  abstractionsf thebasicAPI, andareaspects
in theterminologyof Kiczales[12].

Kiczalesand othershave designedaspect-orientedx-
tensionsto Java [15] to permit the expressionof suchas-
pectsin Java classesn a modularfashion,using compiler
technologyto exploit aspectdor generatingefficient code.
The key adwantages thatresultingprogramsaresimplerto
readandmaintainbecausealgorithmsandaspectarecoded
separatelyandthe algorithmis not clutteredwith whatare
essentiallyimplementationdetails. Thereare ongoingef-
forts to write sparsematrix factorizationcodesusingthese
ideag[11,18]; however, they do notprovide an API for sup-
portinguserdefineddatastructures.



Restructuring compilers Traditionally, restructuring
compilertechnologyhasbeenusedto restructuradensema-
trix programgo enhanceparallelismor locality of reference,
but it cannotbe useddirectly to restructuresparsematrix
programs.This is becausgrogramanalysistechniquesre
basedon integerlinear programmingandcanbe usedonly
if all arraysubscriptareaffine functionsof loop index vari-
ables. Suchsubscriptsare commonin densematrix pro-
gramsin which arraysareaccessetly row, columnor diag-
onals,but arethe exceptionin sparsenatrix programssince
sparsarraysareaccessethroughindirectionarrays.

Bik and Wijshoff at Leiden University were the first to
applyrestructuringcompilertechnologyto synthesizeparse
matrix programsfrom densematrix programg5]. Initially
their compilerhadknowledgeof a smallnumberof formats
built into it. Theformatsthey considered¢anbecalledCom-
pressedHyperplaneStorage (CHS) formatssincethey are
obtainedby doinga basistransformatioron the densearray
index spaceandthencompressingut the non-zerosalong
oneor moredimensionsCSRandCSCarethereforespecial
casef CHSformats.Their compileranalyzedandrestruc-
turedtheinput codeto matcha CHS format,andgenerated
sparsecodefor thatformat. More recently they have devel-
opednonzerostructureanalysisthat supportswider variety
of sparsematrix formats[4].

Sparse matrix libraries A number of projects in
the numericalanalysiscommunity have exploited generic
programming to support sparse matrix computations.
PETSc[3] is a successfulibrary from Argonnewhich has
alarge collectionof iterative solvers. Thesesolversmustbe
linked with usersuppliedBLAS thatmustbewritten for the
particularsparsdormatof interest. The BLAS areinvoked
directly by PETSccode,so no specialcompiler supportis
neededor PETSc.In contrastour systempermitseventhe
BLAS to bewrittenin agenericdata-structure-neutrédsh-
ion, althoughatthe costof requiringaggressie restructuring
compilertechnologyfor generatingefficient code.

POOMA [7] andBlitz++ [28] aretwo morerecentpack-
agesfor matrix computations.The API for both packages
is essentiallythe ProgrammelAPI describedn this paper
A rich setof C++templatesareprovidedin both packages,
with which a programmecanassemblenatriximplementa-
tionsandproducematrix programs Someoptimizationsan
be performedby the compilerby relying on TemplateEx-
pression$27], but therangeof suchoptimizationds limited,
andthey canbecumbersoméo use.In particular program-
mersmustprovide their own implementation®f operations
like MVM or triangularsolve.

The MTL [21] is anotherC++ matrix library in which
matricesareviewedascontainerof containersThisideais
analogouso indexedsequentiahccesshut notasrich asthe
structureghatwe discusdn this paper Also, MTL doesnot
have high-andlow-level API's, aswe do.
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