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Abstract

Generic programminglooks like the perfect solution
for writing sparsematrix programsas thereare some
forty or fifty compressedormatswidely usedin prac-
tice. However, it is unclearhow to designa genericpro-
grammingAPI for sparsematrices. A high-level API
appropriatefor genericmatrix algorithmshidesdetails
of sparsematrix formatsfrom the compiler resulting
in poor performance;while a low-level API that ex-
posesthe detailsof compressedormatsis not suitable
for writing genericprograms.

We presentanew varietyof genericprogrammingn
which algorithmimplementorsisea differentAPI than
datastructuredesignersthe gapbetweerthe API’'s be-
ing bridgedby restructuringcompilers.Oneview of this
approachs thatit exploits restructuringcompilertech-
nologyto performanaovel kind of templatenstantiation.

1 Introduction

Genericprogrammingis a methodologyfor simplify-
ing the developmentof librariesin which a setof algo-
rithmshave to beimplementedor mary datastructures.
Codeexplosionis avoidedby mandatingacommonAPI
which is (i) supportedby all datastructures,and (ii)
usedto expressalgorithmsin a genericfashion.For ex-
ample,the C++ StandardTemplateLibrary (STL) [3]
useghe API of one-dimensionadequenceastheinter-
face betweendatastructuredike arraysand lists, and
algorithmslike searchingand sorting. The type sys-
temsof modernlanguagepermitthe datastructureim-
plementationsindgenericprogramdo betype-checked
and compiledseparatelya concreteimplementationis
producedy linking a genericprogramwith a particular
datastructuramplementation.

Thereis however a tensionin the designof generic
programmingAPI’sthatbecomesvidentin someprob-
lem domainssuchas sparsematrix computations.For
densematrices highly efficientimplementation®f the

BasicLinear AlgebraSubroutinegBLAS) [8] are usu-
ally providedby hardwarevendors.For sparsematrices,
the problemof developing BLAS librariesis compli-
catedby thefactthatsomeforty or fifty compessedor-
matsareusedto avoid storingzeros. Many attemptsat
writing sparseBLAS librarieshave beenconfoundedy
the codeexplosionproblem[7, 18]. Althoughit appears
that genericprogrammingis the solutionto this prob-
lem, it is not clearthat an appropriateAPI canbe de-
signedfor sparsenatrixlibraries.As we explainin [14],
a high-level API thatallows the programmeto express
generic matrix algorithmsin a natural array notation
hidesdetailsof sparsenatrixformatsfrom thecompileg
so performancemnay suffer. On the otherhand,a low-
level API thatexposeghedetailsof compressetbrmats
is not suitablefor writing genericprograms.This prob-
lemis likely to occurin otherproblemdomaingn which
datastructurepropertieanustbe exploitedfor high per
formance.

In [14], we proposedneway to solve this problem.

1. Weusedual API's: ahigh-level API for expressing
genericalgorithms,anda low-level API for expos-
ing detailsof datastructureghatmustbe exploited
to obtainhigh performance.

2. We userestructuringcompilertechnologyto trans-
form abstractprogramswritten in terms of the
high-level API into efficient programswhich use
thelow-level API.

In our system,genericprogramsare densematrix
programsj.e. the Programmefhigh-level) API views
sparsematricesas random-accesdatastructures.The
Compiler (low-level) API, on the other hand, views
sparsematricesasindexed-sequential-accedsatastruc-
tures. Our restructuringcompiler[2] “instantiates’the
genericprogramsnto efficient sparsematrix programs.

Therestof thepaperis organizedasfollows. In Sec-
tion 2 we describethe abstracindex structureof sparse
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Figurel: Compresse@formats

matricesusedby our compiler In Section3 we intro-

duceour genericprogrammingsystem.We discussour

implementatiorof threeimportantcompressedormats
in Section4. In Section5, we presenthe restructuring
compilertechnologythatinstantiategjenericprograms
into efficient sparsecodes.We presenexperimentalre-

sultsin Section6. We concludewith relatedwork re-

view in Section?.

2 Matrix Abstraction

As mentionedearlier there are at least forty or fifty
commonlyusedcompressedormats;the NIST Sparse
BLAS effort [7] supportsl3 of them. Figure 1 shaovs
a sparsematrix and threecommonlyusedcompressed
formats. The simplestformat is Co-ordinate storage
(COO) in which three arraysare usedto store non-
zeroelementsandtheir row andcolumnpositions.The
non-zeroamay be orderedarbitrarily. Co-ordinatestor
age doesnot permit indexed accesgo either rows or
columnsof a matrix. CompessedSparseRow stor-
age(CSR)is a commonlyusedformatthat permitsin-
dexed accesgo rows but not columns. Array values
is usedto storethe non-zeroof the matrix row by row,
while anotherarraycolind  of thesamesizeis usedto
storethecolumnpositionsof theseentries.A third array
rowptr hasoneentryfor eachrow of the matrix, and
it storeghepositionin values of thefirst non-zercel-
ementof eachrow of the matrix. Someof the rows of
thematrix maybeempty

Somesparsematriceshave small denseblocks oc-
curringin differentpositionsinsidethe matrix. It is im-
portantto exploit thesedenseblocks to improve stor
ageandcomputationakfficiengy. Figurel showvs Blodk
SparseRow (BSR) storagewhich can be viewed as a
CSR representationn which the non-zerosare small
denseblocksratherthansinglenon-zercelements.
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Figure2: SparseViatrix Abstraction

2.1 Index Structure

The grammarin Figure?2 is usedto describethe in-
dex structureof a sparsematrix to our systenf14]. The
mostimportantrule for specifyingindex structurds the
Index — F (nesting productionrule. For example,
a CSR matrix is describedasr — ¢ — v, indicat-
ing that rows must be accessedirst, and within each
row, elementswithin columnscanbe enumeratedThe
map{ F(in) — out: E} ruleis usedto describdinear
andpermutationtransformation®n the matrix indices.
The E' @ E" (perspectiverule meansthat the matrix
canbeaccesseih differentways,usingeitherof thein-
dex structuresE’ or E”. The E' U E” (aggregation)
rule is usedto describea matrix thatis a collectionof
two formats,suchasaformatin whichthediagonalele-
mentsare storedseparatelyfrom the off-diagonalones.
Enumeratinghe elementof suchmatrix requiresenu-
meratingboth £’ and E”’.

The < attribute . . ., attribute > notationdescribes
an index obtainedfrom multiple co-ordinatessnumer
atedtogetherasin the COOformat(< r, ¢ >— v). On
theotherhand,< attributex - - - x attribute > denotesn-
dependenindices,asin adensematrix(< r x ¢ >— v).

Eachterm E is optionallyannotatedvith thefollow-
ing enumeation properties

e Enumeation order. a descriptionof the orderin
which coordinatevaluescould be enumeratee@ffi-
ciently. For the CSRformatabore, r is random-
accessandwithin eachrow, ¢ canbe enumerated
efficiently in increasingorder

e Enumeation bounds a descriptionof the coordi-
natevaluesthatactuallyoccurin the enumeration.
A lower triangularmatrix, for example,could be
annotated < ¢ < r <N

In addition to specifying this index structure,the



sparsdormatdesignemustwrite theactualcodeto per
form theseenumerations.

3 Generic Programming System

The key featureof our genericprogrammingsystemis
thatit usedual API'sfor sparsenatrices.TheProgram-
mer API provides a densematrix (or random-access)
view of a sparsematrix, andis usedby the genericpro-
gramwriter. The CompilerAPI is a low-level API that
describesa sparsematrix to the optimizing compiler
asanindexed-sequential-accesstastructure. There-
structuringcompilertechnologydescribedn Section5
instantiatesghe genericprogramsinto efficient sparse
matriccodes.

In designingour systemwe setthefollowing goals.

¢ The end-userof our system,namelythe program-
mer who selectsthe specificsparsematrix format
for whichagenericalgorithmis to beimplemented,
shouldbe presentedvith a simplemechanismvith
whichto invokeour sparsecompiler

o Our sparsecompilershouldwork as a single tool
within a suite of tools of a larger generic pro-
grammingsystem. In particular our sparsecom-
piler shouldwork cooperatiely with anunderlying
C++' compiler Our sparsecompilershouldhan-
dle the sparsematrix computationsandleave the
other genericprogrammingproblemsto the C++
compiler

o Our sparsecompiler shouldknit implementations
for sparsamatrixcomputationshatareasefficient,
andhopefullymoreso,thanthosethattheprogram-
mermight have written by hand.

We are building our systemas a source-to-source
transformatiortool. Thatis, theuserwill first run their
programthoughour sparsecompiler whichwill instan-
tiatesomeof thethetemplatedefinitions.The program-
mer usespragmas,as shavn in Figure 3, to indicate
which templatedefinitionsareto be instantiatedy the
sparsecompiler;therestareleft untouchedThesparse
compilerwill generatea transformedC++ programto
berunthroughtheunderlyingC++ compiletr which will
performtheremaininginstantiatiorandusualoptimiza-
tions.

1C++ haslanguagefeatures(namely templatesand inheritance)
thatallow usto expressour API's and programsconcisely It is cer
tainly possibleto takethe basicideasin this paperandto realizethem
othermodernlanguage$ike Java or ML.

#pragma instanti at e with Bernoulli

template <class T, class BASE>
void mvm(T A, BASE x[], BASEY[])
{
for (int i=0; i<Arrows( ); i++)
yil = 0;
for (int j=0; j<A.colu mrs(); j++)
vl += Afilli] * x[il;
}
}
/I Will be instantia ted with the Bernoull i compiler.
template void mvm(Csr<doubl e> A, double x[],
double y[]);

Figure3: GenericMVM with Instantiation

template< cl ass BASE>

class matrix {
int m; //number of rows
int n; /Inumber of columns
public:
matrix(int r,int c) {m=r;n=c ;}
int  rows() {return m;}
int  columns( ) {return n;}
virtual BASE get(int r, int c) = 0;
virtual void  set(int r, int ¢, BASEv) = 0;

/I Implement atio n of notation

class

‘Alr][cI
RowRef operator [] (in t r)
{ return RowRef(A,r ) }

Figure4: TheProgrammeAPI: get/set
3.1 The Programmer API

The ProgrammeAPI requireseachclassimplementing
acompressetbrmatto supportwo methodsalledget
andset .

e The get methodtakesthe row and column co-
ordinatesof anarrayelementasinput, andreturns
thevalueat thatposition.

e Theset methodiakesavalueandrow/columnco-
ordinatesasinput,andstoreghevalueinto thatpo-
sitionin thearray

In additionto thesemethodstheremustbe methodso
returnthe numberof rows andcolumnsin thematrix.

Figure 4 shavs the ProgrammerAPI expressedn
C++. Noticethatoperatoroverloadingis usedto permit
programmers$o usearraysyntaxratherthaninvocations
of theget/set  methods.

To write a genericprogramin this system,the pro-
grammemrites codeasthoughall matriceswveredense,
but specifieswhich classesnustbe usedto implement
sparsematrices. For example,genericMVM is coded
asshovn in Figure3, andMVM for a particularcom-
pressedormatis createdby templatenstantiation.

3.2 The Compiler API

The Compiler APl is summarizedn Figures5. Enu-
merationis supportedhroughthe useof iteratorsasin



Abstractclass
term_scal ar <V>
term_nest in g<I, E>

Methods

operator V()

I begin() ,I end()

E subterm (1)

11 beginl() ,I1 endl()
12 begin2() ,12 end2()
E subterm (11 , 12)

term_nest in g2<I 1,1 2, E>

term_map<K, E> K map(E:: ind ex_t ype)
E:index_ typ e unmap(K)
E subterm ()

E1 subterml( )

E2 subterm2( )

term_aggr egat io n2<ELE 2>

term_pers pect iv e2<E1,E 2> E1 subterml( )

E2 subterm2( )

(a) Interfacedor Views

Methods

K operator  *()

void operator ++()
K operator  *()

Abstractclass
unordere d_it erato r< K>
(noordering)
increasin  g_it er ato r< K>,

decreasin g_i te rator <K>  void operator ++() ,or
(one-wayordering) void operator --()
inheritsfrom+t
ordered_i te rat or <K>
(bi-directionalordering)
inheritsfrom+t
offset_ite rato r<k> int operato r -(iterat or)
(orderedwith distance) void operator  +=(int)
void operator -=(int)

inheritsfrom+t
interval  _it er at or< K>
(rangeof keys)
(b) Interfacedor Iterators

Figure5: Interfacedor CompilerAPI

theSTL. Enumeratiororderandboundscanbeincorpo-
ratedinto the programthroughthe useof pragmasput
wehave chosertoincorporateorderinformationinto the
classhierarchyby specifyingdifferentclassedor enu-
merationghatareunordered/increasing/decreasgtg.
The boundson the storedindicesare corveyed to the
compilerusinga pragma.

3.2.1 Interfaces for Views

Eachproductionin theview grammargivenin Figure2
hasanassociatethterfacewhichwe haveimplemented
in C++asasmallnumberof abstraciclasseslescribed
in Figure5(a). Theprogrammeconveys views of astor
ageformat to the sparsecompiler by writing a set of
classeghatinheritfrom theappropriaténterfaces.

Theterm_nesting  abstracttlassdenotesan oc-
currenceof the — operatorwithin the view. This ab-
stract classtakestwo templateparameters. The first
specifieghe implementatiorof the iteratorthat canbe
usedto enumeratdhe index at this level. The second
specifiesthe implementatiorof the substructureéoelow
thislevel. An implementatiorof CSR,in whichtheen-
tries within eachrow are storedin order that inherits
fromterm_nesting  isshavnin Sectior4.2.

An index of the form < r,¢ >— --- is speci-
fied by inheritancefrom theterm_nesting  abstract

classandspecifyingthatits iteratorenumeratesmdices
of type pair<int,int> . This is illustrated by the
implementationof Co-ordinatestorageshavn in Sec-
tion4.1.

An index like < r x ¢ >— - hastwo inde-
pendentiterators. To specify these sorts of views,
term_nesting2 , etc., abstractclassesare provided
which allow theimplementatiorof eachindependenit-
eratorto be specified. The BSRimplementatiorin Sec-

tion 4.3usegheterm_nesting2  interface.
By averysimpleanalysisof theseclassesthesparse
compilercaninfer thefollowing relationships,

Coo: /I <re> > v
term_nest in g< unordered _i te rat or < pair<int,
term_scal ar < BASE > >

int > >,

Csr: /Il r > c¢c > v
term_nest in g< interval_ it erato r<in t>,
term_nest in g< increasin g_it erato r<in t>,
term_scal ar< BASE > > >

which clearlyindicatethe nestedstructureof thesefor-
mats,andthe propertiesof theiteratorsthatareusedat
eachlevel.

Interfacesfor expressingperspectie, aggr@ation
andmaparealsoavailable.

3.2.2 Interfaces for Iterators

The abstractclassedfor the iteratorsare describedin
Figure5(b).

Iteratorsin the Compiler API areusedfor enumer
ating indicesonly. That is, they do not provide the
methodsfor accessinghe substructures.Instead,the
substructureareobtainedvia the subterm methodin
eachterm_nesting class. This is done, because
wheneer two independeniteratorsappearin a level
of the index nesting, (e.g., in the densematrix stor
age format), the matrix elementsare associatedvith
two indicesfrom two differentiterators. Sincein this
case,the valueis not associatedvith a singleiteratot
it cannotbe accessedia a methodin either iterator
Thus, the methodfor accessinghe valueis placedin
theterm_nesting  classes.

In  addition to unordered_iterator ,
increasing_iterator , and
decreasing_iterator iterators, we provide
the offset_iterator interfacefor iteratorswhose
positions can be randomly accessedsimilar to the
random_access_iterator 's found in the STL.
The interval_iterator is a refinement of
offset_iterator , which is usedto representall
of the integerindicesbetweena fixed lower andupper
bound.



4 Compressed Formats

In this sectionwe presentC++ implementatiornof the
API's of the three compressedormats introducedin
Section2. Theformatswerechoserto illustratediffer-
ent featuresof our sparsematrix abstraction.The Co-
ordinateformatdoesnot allow indexed accesgo either
rows or columns. The Compresse&parseRow format
permitsindexed accesgo rows but not columns. The
Block Sparsérow formatis amorecomple formatthat
illustrateslinearmapsanddensesub-matrices.

4.1 Co-ordinate Storage (COO)

Co-odinatestorage(COO)shavnin Figurel is a sim-
ple formatin which threearraysare usedto storenon-
zeroelementsandtheir row andcolumnpositions.The
non-zeroamay be orderedarbitrarily. Co-ordinatestor
age doesnot permit indexed accesgo either rows or
columnsof a matrix. Its index structurecanbe viewed
as<r,c>— v.

4.1.1 COO Programmer API

The structureCooStorage is usedto hold all of the
component®f the COO storagewithin a singleobject.
For eachmatrixin the COO formattherewill bea sin-

gleinstanceof this classwhich maintainghe storageor

thatmatrix. All otherclassesn the COOimplementa-
tion keepa pointerto thisinstance.

M W00 e e
n CooStora ge n
M W00 e

template< cl ass BASE>

struct  CooStora ge {
vector<in t> *rowind;
vector<in t> *colind;
vector<BA SE> *values;
const int nz;

CooStorag e(vecto r<int > *_rowind,
vector<int > *_colind,
vector<BAS E> * values )
rowind(_ rowind), colind_c olind),
values(_ valu es), nz(rowind ->siz e()) {

The CooRandom classinherits from the matrix
abstracttlassandimplementshe randomaccessnter-
facefor the matrix by implementingthe get andset
abstracimethods.The methodref within this classis
responsibléor findingaparticular(r, ¢) entrywithin the
matrix. As thenon-zercelementsn COOcanappeain
ary order ref usedinearsearch.

1 WA B0 I

n CooRandom n
i /)

template <class BASE>
class CooRandom : public
protected :

CooStorage <BASE> *A;

matrix<xBA SE> {

public:
CooRandom(nt m, int n, CooStorag e<BASE> *A)
matrix<xB ASE>(m,n), A(A) { }

virtual “CooRandom() { }

BASE *ref(int r, int c) {
for (int k=0; k < A->nz; k++)
if (*A->ro wind)k 1] ==r
&& (*A->col ind )[ k] == c)
return  &(*A->val ues)[ K] ;
return 0;

}

virtual BASE get(int r, int c) {
BASE *p = ref(r,c);
if (p) { return *p; }
else { return 0.0; }

}
virtual void  set(int r, int c, BASEvV) {

BASE *p = ref(r,c);
assert(p );
Py

4.1.2 COO Compiler API

The classesCoo and Coolterator implementthe
compilerAPI for the COO format. This API provides
fastenumeratiorof the non-zeroentries. As the COO
format has no index structure,thereis a single (un-
ordered)iteratorimplementingit. That iterator corre-
spondgothe< r, ¢ > termin theabstracview of COO.

i 0 e
n Coo /A
i 0 e i

template< cl ass BASE>
class Coo
public  CooRandom<BASE>,
public  term_ne sti ng< Coolterato r< BASE>,
term_scala r<BASE> >

protected
typedef Cooltera tor <BASE> iterator_ ty pe;
typedef term_sca lar <BASE> subterm_t ype;
public:

Coo(int  m, int n, CooStora ge<BASE> *A)
CooRandom<BASE>m,n ,A) { }
virtual iterator _ty pe begin()
{ return Cooltera to r<BASE>(A, 0); }
virtual iterator _ty pe end()
{ return Cooltera to r<BASE>(A, A->nz); }
virtual subterm_ typ e subterm(i ter ator _type it)
{ return (*A->val wues)[ it .j j; }

i 0 e
/A Cooltera tor /A
i 0 e

template< cl ass BASE>
class Cooltera tor
public  unordered _it erat or<pair <int, int> > {
friend class Co00<BASE;
protected
CooStorage <BASE> *A; int jj;
public:
Coolterato r( CooStor age<BASE> *A, int Jj)



AA), i) {
virtual void operator  ++(int) { i+t }
virtual pair<int ,i nt> operator *() {
return  make_pair( (* A->rowind)[ jj] ,
(*A->coli - nd)[ jil );

virtual bool equal(
const proto_it
const
{ return jj ==
dynamic_ cast< const Cooltera tor &>

v)-dis }

erator<pair<int, int > > &y)

4.2 Compressed Sparse Row (CSR)

CompessedsparseRowstorage(CSR)in Figurel per
mits indexed accesgo rows but not columns. Array
values is usedo storethenon-zero®f thematrixrow
by row, while anotherarraycolind  of thesamesizeis
usedto storethe column positionsof theseentries. A
third arrayrowptr hasoneentry for eachrow of the
matrix, andit storesthe positionin values of thefirst
non-zercelemenbf eachrow of thematrix. Someof the
rows of thematrix maybeempty Usingtheview gram-
marin Figure2, CSRcanbedescribedasr — ¢ — v.

4.2.1 CSR Programmer API

As with the Co-ordinate format, the structure
CsrStorage is usedto hold all of the component®f
the CSRstoragewithin asingleobject.

M W00 e e
n CsrStora ge n
M W00 e

template< cl ass BASE>
struct  CsrStora ge {
public:
vector<in t> *rowptr;
vector<in t> *colind;
vector<BA SE> *values;
const int n;
const int nz;

CsrStorag e(vecto r<int > *_rowptr,
vector<int > *_colind,
vector<BAS E> * values )
rowptr(_ rowptr) , colind(_c ol ind),
values(_ valu es), n(rowptr- >size () -1),
nz(colin d->size () ) {

TheCsrRandom classimplementghe programmer
interfacefor the matrix by implementingthe get and
set abstractmethods. The methodref shown here
findsaparticular(r, ¢) entrywithin thematrix by linear
searchwithin therow r. A binary searchcould alsobe
used asentrieswithin arow aresortedby columnindex.
1 W W0

n CsrRandom /A
i 0 e

template <class BASE>
class CsrRandom : public matrix<BA SE> {
protected

CsrStorage <BASE> *A;

public:
CsrRandom(int m, int n, CsrStorag e<BASE> *A)
matrix<xB ASE>(m,n), A(A) { }
virtual “"CsrRand om() { }
virtual BASE *ref(int r, int c) {
for (int ji=(*A-> rowptr) [r ];
fi<(*A- >rowptr )[r +1];
ii++)
if (*A->co li nd)j j] == c¢)
return  &(*A->val ues)[ j I;
return 0;

}

virtual BASE get(int r, int c) {
BASE *p = ref(r,c);
if (p) { return *p; }
else { return 0.0; }

virtual void  set(int r, int c, BASEvV) {
BASE *p = ref(r,c);
assert(p );
o=y

4.2.2 CSR Compiler API

ClassCsr is thetop-level classimplementingthe com-
piler interfacefor the CSRformat. It providesaccess
to the rows of the sparsematrix andcorrespondso the
r — - - - termin theabstracview. As thearrayrowptr
providesrandomaccesdo a particularrow in the ma-
trix, this nestinglevel is describedto the compileras
interval_iterator

i 0 e
n Csr /A
i 0 e i

template< cl ass BASE>
class Csr
public  CsrRand om<BASE>,
public  term_ne sti ng< interval_i terato r<i nt >,
CsrRow<BAE> >

{
protected :
typedef interval _it erat or<in t> iterator _ty pe;
typedef CsrRow<BASE> subterm_t ype;
public:
Csr(int m, int n, CsrStora ge<BASE> *A)
CsrRando mBAE>(m,n, A) { }
virtual iterator _ty pe begin()
{ return interval _iter ator<int>(0); }
virtual iterator _ty pe end()
{ return interval _iter ator<int>(r ows() ); }
virtual subterm_ typ e subterm(i ter ator _type it)
{ return CsrRow<BASE>(A, *i t); }
b

The classeCsrRow and CsrRowlterator pro-
vide accesgo the non-zercelementswithin arow of the
CSRmatrix. They implementthe ¢ — v part of the
abstracview. Theincreasing_iterator tellsthe
compilerthatelementswithin arow aresorted.

i /e



n CsrRow 1
i 00

template< cl ass BASE>
class CsrRow
public  term_nest ing < CsrRowlte rator <BASE>,
term_scal ar <BASE> >

{
protected
CsrStorag e<BASE> *A; int r;
typedef  CsrRowlt er ato r< BASE> iterator _type;
typedef term_sca la r<B ASE> subterm_ typ e;
public:
CsrRow(CsrStor age<BASE> *A, int r)
SAA), ) {0}
virtual iterator _t ype begin()
{ return CsrRowlt er at or< BASE>(
A(A->r owptr )[ 1] ); }
virtual iterator _t ype end()
{ return CsrRowlt er at or< BASE>(
A,(*A->r owptr )[ r+1]) ; }
virtual subterm_ ty pe subterm(i te rator _type it)
{ return (*A->val wues)[it .jjl ; }
b

i /)
/A CsrRowlte rat or /A
i /N

template< cl ass BASE>
class CsrRowlte rat or
public increasin g_ite rator<i nt> {
friend class CsrRow<BASE>;
protected :
CsrStorag e<BASE> *A; int j;
public:
CsrRowlte rator (Csr Stora ge<BASE> *A, int Jj)
A(A), i) {1}

virtual void operator  ++(int) { jji++ }
virtual int operator* ()
{ return (*A->col ind)[jj ], }
virtual bool equal(co nst proto_ite rat or<i nt> &y)
const
{ return jj ==
dynamic_ cast< const CsrRowlt er at or &>
W)-i; }

4.3 Block Sparse Row (BSR)

The Blok SparseRow(BSR)in Figurel is a general-
ization of CSRin which the non-zerosare small dense
blocksratherthansinglenon-zercelementsEachblock
is accessedby a setof block indices (., b.), andthe
scalarelementswithin eachblock areaccessetly athe
offset indices (o,, 0.). The view of BSR canbe ex-

pressedasmap(b, * B + o, + 7,b.* B 4+ 0. + ¢ :

by — b =< 0, X 0, > v}.

4.3.1 BSR Programmer API

The structureBsrStorage  holds all of the compo-
nentsof the BSR storagewithin asingleobject.

M W00 e e
I BsrStora ge /A
M W00 e

template< cl ass BASE>
struct  BsrStora ge {
public:

vector<int > *browptr;
vector<int > *bcolind;
vector<BAS E> *values;
const int blk_sz;
const int num_block s;
const int bnz;
BsrStorage (v ecto r<i nt > *_browptr,
vector<i nt > *_bcolind,
vector<B ASE> *_values, int  _blk_sz)
browptr( _browptr) , bcolind( _bcoli nd),
values(_ value s), blk_sz( bl k_sz),
num_bloc ks (br owpt r-> si ze()- 1),
bnz(bcol in d->si ze()) {

The BsrRandom classshaowvs one possibleimple-
mentationof theget andset which provide the pro-
grammerinterfacefor the matrix. The block row b,.,
aswell asthe offsetso, ando., are accessedirectly.
Linear searchis usedfor the block columnb.. Binary
searchcould also be usedas the blocks are sortedby
columnindex within ablock row.

i NN N NN YN Ny
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template <class BASE>
class BsrRandom : public matrix<BA SE> {
protected

BsrStorage <BASE> *A;

public:
BsrRandom(int m, int n, BsrStorag e<BASE> *A)
matrix<xB ASE>(m,n), A(A) { }
virtual "BsrRand om() { }
BASE *ref(int r, int c) {
int  bi r | A->blk_si ze;
int oi r % A->blk_si ze;
for (int  bjj=(*A- >browptr) [bi ];
bjj<(*A  ->b ro wptr) [b i+ 1];
bjj++)  {
int  bj (*A->bcol ind) [bj j] ;
int  oj c % A->blk_si ze;
int j = bj*A->blk_ sz + oj;
int jj = (bjj * A->blk_sz *A->blk sz) +
oi*A->bl k_sz + oj;
if (§ ==c¢)
return  &(*A->val ues)[ j I;

}

return 0;

}
virtual BASE get(int r, int c) {
BASE *p = ref(r,c);

if (p) { return *p; }
else { return 0.0; }

virtual void  set(int r, int c, BASEvV) {
BASE *p = ref(r,c);
assert(p );
o=y

4.3.2 BSR Compiler API

The following classesare usedto implementthe com-
piler interfacefor BSR:

e Bsr:map{b,* B+o, — r,bex B+o.+—c:--}
e BsrHier b, — ---
e BsrRow: b, — - - -



e BsrBlock : <o, x 0. >— v

Thetop-level classBsr isresponsibldor translating
betweenthe two-dimensionalow/columnview of the
matrix andthefour-dimensionainternalrepresentation.

i 0 e
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template< cl ass BASE>
class Bsr

public  BsrRandom<BASE>,

public term_map< pair<int, int>, BsrHier<BA SE> >
protected

typedef  BsrHier< BASE> subterm_ ty pe;

public:

Bsr(BsrSt or age<BASE> *A)
BsrRando m<BASE>A -> num blo cks*A->bl k_s z,
A->num_blo cks*A->bl k_sz,
A {1
subterm_ ty pe subterm()
{ return BsrHier< BASE>(A); }
virtual pair<int i nt>
map(quad<in ti nt,i nt, int> p) {
return  make_pair(
p.first* A->bl k_sz+ p.third ,
p.second *A->blk _sz+ p.fourth) ;

virtual

virtual quad<int ,i nt, int, int >
unmap(pai r<int i nt> p) {
int i = p.first, j = p.second;
int  bi i | A->blk_s z,
oi i % A->blk_s z;
int  bj j I A->blk_s z,
oj j % A->blk_s z;
return  make_quad( bi ,b jo i, oj);

The classes BsrHier |, BsrRow, and
BsrRowlterator implementthe b, — b. —
part of the index structureof BSR. As expected,they
are almostidentical to the classesimplementingthe
compilerAPI for CSRin Sectior4.2.

i 0 e
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template< cl ass BASE>
class BsrHier
public term_nest ing < interval_ it erator<int >,

BsrRow<BASE> >

protected
BsrStorag e<BASE> *A,;
typedef interval _i ter at or <in t> iterator
typedef  BsrRow<BASE> subterm_t ype;
public:
BsrHier(B sr Sto ra ge<BASE> *A) AA) { }
virtual iterator _t ype begin()
{ return interval _iterat or<int>(0); }
virtual iterator _t ype end()
{ return interval _ite rat or <i nt >(
A->num_blo cks); }
subterm_ ty pe subterm(i terator _type it) {
BSrROW<BASE>(A *i t) ; }

_type;

virtual
return

b
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template< cl ass BASE>
class BsrRow
public  term_ne sti ng< BsrRowlter at or <BASE>,
BsrBlock<B ASE> >
{
protected
BsrStorage <BASE> *A; int
typedef  BsrRowlt era to r< BASE> iterator
typedef BsrBlock <BASE> subterm_ty pe;
public:
BsrRow(Bsr Stor age<BASE> *A, int )
AA), ) {1}
virtual iterator _ty pe begin()
{ return BsrRowlt er ato r< BASEX
A,(*A->b rowptr) [r] ); }
virtual iterator _ty pe end()
{ return BsrRowlt er ato r< BASEX
A,(*A->b rowptr) [r+ 1]); }
subterm_ typ e subterm(i ter ator _type it)
BsrBlock <BASE>(A,it. jj ); }

_type;

virtual
{ return

b

i 0 e i
/A BsrRowlter at or /A
i 0 e

template< cl ass BASE>
class BsrRowlt er at or

public increasin g_iterator <int> {

friend class BsrRow<BASE>;
protected

BsrStorage <BASE> *A; int jj;
public:

BsrRowlter at or (BsrS to ra ge<BASE> *A, int jj)
AA), i) {
void operator
operator* ()
(*A->bco i nd) [ j] ; }
equal(co nst proto_it

virtual
virtual int
{ return
virtual bool
const
{ return jj ==
dynamic_c ast< const BsrRowlt erator &>

v)-di; }

++(int) { ji++ 1}

erat or<in t> &y)

TheBsrBlock classimplementsthe dense-matrix
blocksin BSR. Theindependencef the o, ando, in-
dicesis describedoy term_nesting2 . Both o, and
o. areimplementedasinterval_iterator
1 W00
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template< cl ass BASE>
class BsrBlock

public term_ne sti ng2< interval_ it erator<in t>,
interval_ it erator<in t>,
term_scal ar <BASE> >
protected
BsrStorage <BASE> *A;
int  bjj;
typedef interval _it erat or<in t> iterator 1_t ype,
iterator  2_ty pe;
typedef term_sca lar <BASE> subterm_t ype;

public:
BsrBlock(B sr Stor age<BASE> *A, int bjj)
A(A),  Dbij(bij) {1

virtual iterator 1_type beginl()

{ return interval _iter ator<int>(0); }
virtual iterator 1_type endl()

{ return interval _iter at or<in t> (

A->blk_s z); ; }

virtual iterator 2_t ype begin2()

{ return interval _iter ator<int>(0); }
virtual iterator 2_type end2()



{ return interval _ite rat or <i nt >(

A->blk_s z);; }

subterm_ ty pe subterm(i te rator 1_ty pe itl,
iterator  2_ty pe it2){

virtual

return  (*A->value s) [
bjj*A->b |k _sz*A->blk _sz +
*it1*A-> bl k_sz + *it2]; }

5 Compiler Technology

The key to efficiengy in sparsematrix computationss
performingthe computationin a data-centricway i.e.,
enumeratinghe non-zeroelementsof sparsematrices
and performing computationswith theseelementsas
they areenumerated.

We illustrate our restructuringcompilertechnology
on the genericmatrix-vectormultiplicationin Figure3.
For therunningexample ,we assuméehatthesparsema-
trix A is storedin CSR format, andhasMrows andN
columns. After the genericprogramis instantiatedby
our compilet we have the C++ codeshowvn in Figure6.

5.1 Restructuring Imperfectly-nested Loops

The codein Figure 3 is imperfectly-nested—statement
S1: y[i] = 0; isnestedn thei loop butnotin
thej loop. We have developedcompiler technology
for restructuringmperfectly-nestetbopsin [1] and[2],
herewe presenta shortsummary

Our framevork makesthe usualassumptiongbout
programs: (i) programsare sequence®f statements
nested within loops, (i) all memory accessesare
through array referencesand thereis no array alias-
ing, and(iii) all loop boundsandarrayindicesareaffine
functionsof surroundindoopindicesandsymboliccon-
stants.

5.1.1 Dependences

At the very least, the restructuredorogrammust pre-
sene the semanticsof the original code. For our
example, if we execute statementS2: y[i] +=
Ali[] * X[ before y[i] s initialized in
statemen§1, theresultingcodewill bewrong. Depen-
denceanalysisstatesthat semanticof a programare
preseredif all dependencearerespectedn the trans-
formedprogram.

We will useS1, S2, ..., Sn to namethe statements
in the programin syntacticordet An instancei, of a
statementk is the executionof statemenBk at itera-
tion z; of the surroundingoops. We saythatthereex-
istsadatadependenc&om instance; of statemengs
(the source of the dependenceip instancer; of state-
mentSd (thedestination if (i) bothinstancedie within
correspondindpop bounds{ii) they referenceghesame

template <>
void mvm(Csr<doubl e> &A, double x]],

{

double y[])

typedef  Csr<doub le> :: subte rm_t ype row_type ;
for (int i =0; i < Arows() ; i++)
yil = 0.0;
for (Csr<dou bl e>:i terator _type it.r = A.begin();
itr 1= A.end(); it_r++) {
int r = *itr,
row_type Ar = A.subter m(it _r) ;
for (row_typ e: it erator_ty pe
it c = Ar.begin()
it c != Arend(); it c++)  {
int ¢ = *it_c;
double v = Ar.subter m(it_ c);

vl += v * X[c];

Figure6: Compilergeneratedodefor MVM

memorylocation;(iii) atleastoneof themwritesto that
location;and(iv) instance; of statemen§s occursbe-
fore instancer; of statementSd in programexecution
order Dependenceonstraintcanbe representedsa
matrix inequalityof theform D(z,, 74)” + JZ 0. Such
an inequality obviously represents polyhedron. We
call eachsuchmatrixinequalityadependencelass and
denoteit by D with somesubscript.

For our running examplein Figure 3, it is easyto
show thatthereis onerelevantdependencelasg D =
{Ogil<M0§i2<M0§j2<N7i1:i2}. It
arisesbecausestatemenS1 writesto a locationyfi]
whichis thenreadby statemen§2.

5.1.2 Modeling Program Transformations

We modelprogramtransformationgsfollows. We map
dynamicinstancesof statementgo pointsin a Carte-
sianspaceP. We thenenumeratahe pointsin P in
lexicographicorder andexecuteall statementsnapped
to a point whenwe enumeratehat point. If thereare
more than one statemeninstancesnappedto a point,
we executethesestatementinstancesn original pro-
gramorder Intuitively, the CartesiarspaceP modelsa
perfectly-nestedbop, andthe mapsmodeltransforma-
tionsthatembedndividualstatementmto this perfectly
nestedoop. It shouldbe understoodhatthis perfectly-
nestedloop is merely a logical device—thecodegen-
erationphaseproduceanimperfectly-nestetbop from
thespaceandthemaps.

ForP = i x j, we canembedthe codein Figure3
into P usingthe embeddingunctions F; = (¢,0) for
statement1, and F; = (i, j) for statemenS2. That
embeddingreserestheoriginal programorder

2Thereis alsoa reductiondependenceomingfrom the multiple
writestoy[i]  in statemen62. Reductiondependencearenotim-
portantfor preservingsemanticstheyareeasyto recognizeandelim-
inate.



Clearly, not all spacesand mapscorrespondo le-
gal transformationsHowever, if the executionorderof
the transformedprogramrespectsall dependence€§.e.
for eachdependencethe sourcestatemeninstanceis
enumeratednd executedbeforethe destinationstate-
mentinstance) thenthe resultingprogramis semanti-
cally equivalentto theoriginal program.We mustthere-
fore addresswo problems.

What is the Cartesian space P for the trans-
formed program? Eachstatemenhasan iteration
spaceanda dataspace The iterationspaces a Carte-
sianspacewhosedimensionis equalto the numberof
loopssurroundinghat statementFor our example,the
iteration spaceof S1 is i, andthe the iteration space
of S2 isi x j. The dataspaceis a Cartesianspace
whosedimensionsarethe dimensionf all references
to arrayson which we mightwantto be data-centricln
our context, thesearethereferencesn the statemento
sparsarrays.In the example,matrix A is sparseandis
storedin CSRformat,sothedataspaceof statemens2
is a” x a®. We usethe actualsparsedatadimensions,
i.e. if A wasstoredin BSR format, the dataspaceof
S2 would be a’ x a’ x a'r x a'c, wherethe name
of eachdimensionhasbeenchosento reflectits pedi-
gree. The statemenspaceof a statements the prod-
uct of its iterationspaceanddataspace.We denotethe
statemenspaceof statementSk by S, andthe coor
dinatesof instancei, in Si by (7, Jk). The statement
spaceof S2 is iy X ja x af x aj. A productspace
‘P for aprogramis the Cartesiarproductof its individ-
ual statementterationspaces.For the purposef this
paper the orderin which individual dimensionsappear
in this productis left unspecifiedandeachordercorre-
spondgo adifferentproductspace A productspacenas
5 dimensionsandthereareatotal of 5! productspaces,
correspondingo the differentordersof dimensionsof
P =11 x 13 X Ja X af x as.

Product spacescan be computedeasily from the
original codeandthe abstracindex structureof sparse
matricesdetailsareavailablein [2].

How do we determine maps Fj to obtain a le-
gal program? We embedstatementspacesinto a
productspaceusing affine embeddingfunctions Fj, :
Sk — P. Let I}, denotethe dimensionsof Fj, cor
respondingto dimensionsderived from statementSm
i.e Fim : Sk — Sm. To keepsmatterssimple,weonly
considerembeddindunctionsfor which 7y, ;. is identity
mapping.As dependencelassesredescribedy sys-
temsof linearinequalitieswe canuseFarkas’Lemma
to computethesetof all legalembeddindunctions.De-
tails areavailablein [1].

i1 2 Ja2 dimension
o1 o al
_ oo 1 al
G= 110 0 i1
0|1 0O ig
0olo 1 o

Figure?: Identifying RedundanDimensions

Among the legal embedding functions for the
productspace? = i3 X iz X j2 X a} x aj are
Fl(il) = (il,il,O,il,O)T, Fz(ig,jg,ag,ag) =
(32,12, j2, ay,a$)T,  which correspond to the
original execution order; as well as Fi(i1) =
(il,—l,—l,—l,—l)T, Fg(iQ,jQ,ag,ag) =
(M + 1,is,j2,a5,a5)T, which correspondto ini-
tializing vector y before executing ary instance of
statemen§2.

5.2 Generating Data-centric Code

We can think of a productspaceand embeddingsas
representing perfectly-nestedoop nestwith guarded
statementsvherewe enumeratéhevaluesof all dimen-
sions,andexecutestatemensk whenthe valuesbeing
enumeratedhatchtheembedding (7, Jk). However,
this codewill have very poorperformanceTo improve
performanceit is necessario (i) identify andeliminate
redundandimensionsand (i) usecommonenumera-
tionsfor relateddimensions.

Redundant dimensions To give oursehes more
flexibility to restructureghe code,we introducedmary
dimensiondn the productspace. Now, after we have
determinedthe embeddings,we can identify the di-
mensionswe do not need and eliminate them. For
our example, considerthe (ordered) product space
P = af x a§ X i1 X i3 X jz, and the embed-
ding functions F(i;) = (—1,—1,i;,—1,-1)T and
FQ(iz,jz, [l;, CL%) = (Clg, Clg, M+1, iz,jQ)T. ASCLS = ig
anda§ = j», thevaluesof dimensiong, andj, of the
productspaceare determinedoy the valuesof the pre-
cedingdimensions:’, anda$. More generallywe iden-
tify redundantlimensionsasfollows.

Embeddingfunctionsare affine, andfor eachstate-
mentinstance(z, d}), thedatacoordinatesfk areaffine
functionsof the loop indicesz,. We canthereforerep-
resenthe embeddindunctionsas Fy, (7 , Jk) = Gri +
Jx, wherethe matrix G, definesthe linear part of Fy,
andthevector g, is theaffine part. We canusethe ma-
trix G = [G1G» ... G,] to identify redundandimen-
sionsin the productspace. We useG* to referto the
k" row of thematrix G. For ourexample,this matrixis
shovnin Figure?.

If arow of the G matrix is a linear combination
of precedingrows, the correspondinglimensionof the
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productspaceis saidto be redundant In our example,
dimensiong, andj, areredundant.lt is not necessary
to enumerateedundantimensionssincecodeis exe-
cutedonly for asinglevaluein thatdimensionandthat
valueis determinedy valuesof precedingdimensions;
insteadwe can generatecodeto searchfor this value.
For the example,the searchfor a particularvaluein di-
mensiong, andj, is asimplelookup.

Common enumerations An important optimiza-
tion is recognizinggroupsof dimensionghat could be
enumeratedogether In previouswork [11], we devel-
opedtechnologyfor commonenumerationof dimen-
sionswhich arerelatedthrougha singleparametriovari-
able (we called thesejoinable dimensions). We use
commonenumerationgor groupsof dimensionscon-
sistingof anon-redundardimensionandredundantli-
mensionghatimmediatelyfollow it andarelinearly de-
pendenbnit. Thereareanumberof waysof performing
commonenumerationsvhich arecloselyrelatedto join
stratgies in databasesystemssuchas meige-join and
hash-join[11]. In the example,thereis a singlerefer
enceto a sparsematrix, and commonenumerationslo
notarise.

Theresultingdata-centricodeis theonein Figure6.

5.3 Search Space and Cost Estimation

In theory we canenumerateall legalenumeration-based
codesasillustratedin Figure8, thenestimatehe costof
eachcode,andselectthebestone.

Cost Figure 9 describessyntax for enumeration-
basedpseudo-code’. Each syntaxrule is annotated
with its associatedost. EnumCostiepend®n whether
we are enumeratinghe dimensionin a direction sup-
portedby the format, or whetherdependenceforce us
to enumeratedn a differentdirection. SeachCostde-
pendson the type of enumeratiormethodavailable for
thatdimension(e.g., whetheiit is aninterval, or whether
the valuesare sorted). CommonEnumCostependson
what commonenumeratiorimplementationsare avail-
ablefor the correspondinglatadimensions.

3Theguard conditionalsarisebecausef loop bounds.
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Heuristics to limit the search space Searching
the full spaceof enumeration-basecbdesis impracti-
cal, but the following heuristicsmakethe searchspace
manageable.

Data-centric ExecutionOrder: We only consider
data-centricordersof dimensionsof the productspace
(i.e,, ordersin which all datadimensionscomebefore
ary iterationspacadimensions) Theindexing structure
of sparsematricegputsfurtherrestrictionsonthedimen-
sionsorderingswe needto consider In our example,A
is accessethroughtheindex structurer — ¢ — v, S0
our compilerdoesnot considemproductspacesn which
¢ is enumeratetbeforer.

CommonEnumeations: Efficient sparsecodeenu-
merateghedataasfew timesaspossible soour goalis
to usea singleenumeratiorof a sparsematrix, and ex-
ecuteall statementsvhich referencehat matrix. That
restrictsour choiceof embeddindunctionsto justthree
perdimension:acommonenumeratiomwith amatching
dimensionof anotherstatementor, if thatis not legal,
embeddinghe statemenbefoe or after the enumera-
tion of the matchingdimension.

6 Experimental Results

Our implementatiorof the Bernoulli SparseCompiler
is ongoing.The performancaneasurementse present
herearefrom our earlierimplementatiorthat produces
C code. For the final version of the paper we will
presentthe numbersfrom the C++ codegeneratedy
our compiler

Additionally, the genericprogrammingsystemthat
we have implementedioesnot usevirtual methods,
asdotheexampledn thispaper Insteadwe usetheBar-
tonandNackmartrick [24] to ensureghatall methodin-
vocationscanberesohedto methoddefinitionsat com-
pile time. Seg[13] for amoredetaileddiscussiorof the
performancedssuesinvolved in implementingour sys-
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tem.

We compareccodeproducedby the Bernoullicom-
piler with theNIST SparséBLAS C implementationsf
matrix-vector multiplication, for the threecompressed
formatsdiscussedn this paper We usedthe matrix
can 1072 from the Harwell-Boeingcollection[15] as
input. It arisesin finite-elementstructuresproblems
in aircraftdesignand has1072rows and columnsand
12444nonzercentries.For the BSRformatwe usedthe
sparsitypatternof the samematrix but expandedeach
entryintoa15 x 15 block.

The numberspresentedhere were collectedon a
Pentium Il running at 300 MHz, with 512 KB of
L2 cacheand 256 MB of RAM. The operatingsys-
tem was RedHatLinux. We compiledthe code with
egcs version 1.1.1 with -O4 -malign-double
-mpentiumpro  compilerflags.

Figure 10 presentsthe performanceof the hand-
written NIST C code (dark bars)andthe codegener
ated by the Bernoulli SparseCompiler (shadedbars).
Theseresults demonstratethat the generic program-
mingapproacttansuccessfullgompetevith handwrit-
tenlibrary code.Bernoulli-generatedodeperformance
rangedetweerf7%and112%of NIST’s performance.

7 Related Work

Generic programming Ourwork is in the spirit of
genericprogrammingwhich is “the ideaof abstracting
from concretegfficient algorithmsto obtaingenerical-
gorithmsthat canbe combinedwith differentdatarep-
resentationgo producea wide variety of useful soft-
ware” [16]. An important differencefrom existing
genericprogrammingsystemss thatin our systemthe
API usedin writing genericalgorithmsis differentfrom
the API thatis supportedy the implementorsf com-
pressedormats. Supportingdual API's effectivelyre-
guiresadvancedestructuringcompilertechnologyand
can be viewed as a sophisticatedorm of templatein-
stantiation.

Otherresearcherbave recognizedhat the level of
abstractionof programscan be raisedby combining
genericprogrammingwith moresophisticateaompiler
technologythanis usuallyavailablefor templateinstan-

tiation. Our work is closein spirit to that of Batory

and co-workers[20,21] who have usedsimilar ideas
in designingthe DISTIL system,a softwaregenerator
for containerdatastructures. DIiSTIL is a declaratve

languagehat extendsC with constructdor specifying
comple datastructuresdeclaratvely. Data structures
arespecifiedby type equationghatpermitcomposition
of DISTIL components. When a DiSTiL programis

compiled,thesedeclaratve specificationsare replaced
with efficient C implementationgy the DiSTiL com-

piler. DiSTiL’'s goalis to supportstandarddatastruc-

tures,not sparsematrices,andno restructuringof code
is doneduringthe compilationprocess.

Aspect-oriented programming The Programmer
API presentsa simpleview of compressedbrmatsthat
permitsprogrammerso write genericcode,but it does
not by itself permit the compilerto generateefficient
code. the Compiler APl corveys additionalinforma-
tion aboutcompressedbrmatsto the compilerin order
to permitit to generatemoreefficient code. Thesead-
ditional propertiescross-cutthe get/set  abstractions
of the basicAPI, andareaspectdn the terminologyof
Kiczales[10].

Kiczalesand othershave designedaspect-oriented
extensiondo Java [12] to permitthe expressiorof such
aspectsn Java classesn amodularfashion,usingcom-
piler technologyto exploit aspectdor generatingeffi-
cientcode.Thekey adwvantages thatresultingprograms
aresimplerto readandmaintainbecausalgorithmsand
aspectsare codedseparatelyand the algorithmis not
clutteredwith what are essentialliymplementatiorde-
tails. Thereare ongoingefforts to write sparsematrix
factorizationcodesusingtheseideas[9, 17]; however,
they do not provide an API for supportinguserdefined
datastructures.

Restructuring compilers Traditionally, restructur
ing compiler technologyhasbeenusedto restructure
densematrix programgo enhanceparallelismor local-
ity of referencebutit cannotbeuseddirectlyto restruc-
ture sparsematrix programs. This is becausgrogram
analysigechniquesrebasednintegerlinearprogram-
ming, and can be usedonly if all array subscriptsare



affine functionsof loopindex variables.Suchsubscripts
arecommonin densematrix programsn which arrays
are accessedby row, columnor diagonalsbut arethe
exceptionin sparsematrix programssincesparsearrays
areaccessethroughindirectionarrays.

Bik andWijshoff at LeidenUniversitywerethefirst
to applyrestructuringcompilertechnologyto synthesize
sparsamatrixprogramgrom densematrixprogramg5].
Their compilerhadknowledgeof small numberof for-
matsbuilt into it. The formatsthey considerectanbe
called CompesseyperplaneStorage (CHS) formats
sincethey areobtainedby doinga basistransformation
on the densearray index spaceand then compressing
out the non-zerosalongone or moredimensions.CSR
and CSC are thereforespecialcasesof CHS formats.
Theircompileranalyzedandrestructuredheinputcode
to matcha CHS format, andgeneratedparsecodefor
thatformat. The mainlimitation of this systemis thatit
hasa smallsetof relatively simpleformatsbuilt into it,
andit cannotbe extendedto new formats.

Sparse matrix libraries A number of projects
in the numerical analysiscommunity have exploited
genericprogrammingo supportsparsematrix compu-
tations.PETSc[4] is asuccessfulibrary from Argonne
which hasa large collectionof iterative solvers. These
solvers must be linked with usersuppliedBLAS that
must be written for the particularsparseformat of in-
terest. The BLAS areinvokeddirectly by PETSccode,
sono specialcompilersupportis neededor PETSc.In
contrastour systempermitseventhe BLAS to bewrit-
tenin ageneric,data-structure-neutrédshion,although
atthecostof requiringaggressie restructuringcompiler
technologyfor generatingfficient code.

POOMA [6] andBlitz++ [23] aretwo morerecent
packagedor matrix computations. The API for both
packagess essentiallythe Programme®PI described
in this paper A rich setof C++templatesreprovidedin
both packageswith which a programmeicanassemble
matrix implementationand producematrix programs.
Someoptimizationscan be performedby the compiler
by relying on TemplateExpression$22], but therange
of suchoptimizationsis limited, andthey canbe cum-
bersometo use. In particular programmersnustpro-
videtheirown implementationsf operationdike MVM
or triangularsolve.

The MTL [19] is anotherC++ matrix library in
which matricesare viewed ascontainerof containers.
This ideais analogougo indexed sequentiahccesshut
notasrich asthestructureghatwe discussn this paper
Also, MTL doesnot have high- andlow-level API's, as
we do.
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