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Abstract. We presentcompiler technologyfor generatingsparsematrix code
from (i) densematrix codeand (ii) a descriptionof the indexing structureof
the sparsematrices.This technologyembedsstatementinstancesinto a Carte-
sianproductof statementiterationanddataspaces,andproducesefficient sparse
codeby identifyingcommonenumerationsfor multiple referencesto sparsema-
trices.This approachworksfor imperfectly-nestedcodeswith dependences,and
producessparsecodecompetitive with hand-writtenlibrary code.

1 Intr oduction

Sparsematricesareusuallystoredin compressedformatsin whichzerosarenot stored
explicitly [9]. Thisreducesstoragerequirements,andin many codes,alsoeliminatesthe
needto computewith zeros.Figure1 showsasparsematrixandanumberof commonly
usedcompressedformatsthatwewill useasrunningexamplesin this paper.

Thesimplestformat is Co-ordinatestorage(COO) in which threearraysareused
to storenon-zeroelementsandtheir row andcolumnpositions.Thenon-zerosmaybe
orderedarbitrarily. CompressedSparseRowstorage(CSR)is a commonlyusedformat
thatpermitsindexedaccessto rows but not columns.Array values is usedto store
thenon-zerosof thematrix row by row, while anotherarraycolind of thesamesize
is usedto storethe columnpositionsof theseentries.A third arrayrowptr hasone
entryfor eachrow of thematrix,andit storesthepositionin values of thefirst non-
zeroelementof eachrow of thematrix.CompressedSparseColumnstorage(CSC,not
shown) is the transposeof CSRin which thenon-zerosarestoredcolumn-by-column,
andit offersindexedaccessto columns.

A morecomplex formatis theJaggedDiagonal(JAD) format.Thisformatorganizes
the non-zerosof a sparsematrix into a small numberof very long “diagonals”.An
instanceof a JAD matrix is constructedby (i) “compressing”therowsof thematrix so
thatzeroelementsareeliminated(introducinganauxiliaryarray, colind, to maintain
theoriginal columnindices);(ii) sortingthe compressedrows by the numberof non-
zeroswithin eachrow in decreasingorder(introducinga permutationvector, iperm);
and (iii) storing the columnsof the compressedand sortedmatrix, which arecalled
the “diagonals”, in two vectors,colind andvalues. Finally, Figure 2 illustrates
theDiagonal(DIA) storageformatwhich is appropriatefor bandedmatrices.Only the
diagonalscontainingnon-zeroelementsarestored,elementsareaddressedby diagonal
andoffset.
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Fig.2. DIA StorageFormat

for j = 1,N
S1: b[j] = b[j]/L[j,j];

for i = j+1,N
S2: b[i] = b[i] - L[i,j]*b[j];

Fig. 3. ColumnTriangularSolve

For densematrices,highly efficient implementationsof the BasicLinear Algebra
Subroutines(BLAS) [3] areusuallyprovidedby hardwarevendors.For sparsematrices,
theproblemof developingBLAS librariesis complicatedby thefact thatsomeforty or
fifty compressedformatsareusedwidely, andeachformat requirescustomizedcode.
Many attemptsat writing sparseBLAS libraries have beenconfoundedby the code
explosionproblem[11,4].

Bik andWijshoff [2] proposedusingrestructuringcompilertechnologyto synthe-
sizesparsematrix programsfrom densematrix programs.Their compilerrestructured
inputcodesto matcha CompressedHyperplaneStorage(CHS)format(CSRandCSC
arespecialcasesof this format) whenever possible.However, their systemis not ex-
tensiblein the sensethat the programmercannotspecifya new format, andmodern
sparseformatssuchas JAD format cannotbe supported.Pughand Shpeisman[10]
proposean intermediateprogramrepresentationfor sparsecodesthat allows themto
predictasymptoticprogramefficiency andmakedecisionsaboutchosingsparsematrix
formats.

In our previous work [7], we arguedthat (i) sparsematricesshouldbe viewed as
sequential-accessdatastructures[13], and(ii) efficient sparsecodesshouldbe orga-
nized if possibleas data-centriccomputationsthat enumeratenon-zeroelementsof
sparsematricesandperformcomputationswith theseelementsasthey areenumerated.
Thisview is in contrastto theconventionalview of arraysasrandom-accessdatastruc-
tures,a view that is usefulonly whenthe arrayis dense.An importantrefinementto
thesequential-accessview is thatsomesparseformatshave an indexing structureand
shouldthereforebeviewedasindexed-sequential-accessstructures[13]. For example,
theCSRformatpermitsindexing to rows(but not to columns),andthis indexing struc-
turemustbeexploitedin somecodessuchasmatrixmultiplication.

To avoid having to write differentdata-centricprogramsfor eachsparseformat,we
exploit the ideaof genericprogramming[8]. Thealgorithmis programmedabstractly
just oncein a data-structure-neutralfashion,andconcreteprogramsare obtainedby
instantiatingthis abstractcodewith differentdatastructureimplementations.Themost
well-known exampleof this approachis theStandardTemplateLibrary (STL) in C++.
TheMTL [12] is a genericlibrary of matrixcomputations.
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Fig. 4. SparseMatrix Abstraction

In our system,genericprogramsaredensematrix programs,andthey are“instan-
tiated” into efficient sparsematrix programsby our restructuringcompilerwhenit is
suppliedwith specificationsof sparseformats.Of course,this instantiationmechanism
is considerablymorecomplex thantheC++ templateinstantiationmechanismsinceit
is necessaryto restructurethedensecodeata deeplevel to makeit data-centricfor the
desiredsparseformat.Previously, we showedhow this restructuringcouldbedoneif
theprogramis a perfectly-nestedloop nestin which iterationscanbeexecutedin any
order [6]. However, many codesof interest,suchas the triangularsolve in Figure 3
andmatrix factorizations,arenot perfectly-nestedanddatadependencesdo not allow
executingstatementsin arbitraryorder. Weaddressthis problemin thispaper.

Therestof thepaperis organizedasfollows. In Section2, we sketchhow theuser
canspecifysparsematrix formatsin our genericprogrammingsystem.In Section3,
we give an outline of a restructuringframework that we developedfor imperfectly-
nestedloops computingwith densematrices[1]. In Section4, we discusshow this
framework can be usedfor synthesizingsparsematrix codefrom densematrix code
andsparseformatdescriptions.Thekey ingredientsin our solutionarea searchspace
of sparseprograms,a costmetric for evaluatingthe quality of a sparseprogram,and
heuristicsto restrict the searchspace.In Section5, we presentexperimentalresults
demonstratingthatourapproachproducescodecompetitivewith hand-optimizedsparse
matrix libraries.Finally, wesummarizethepaperin Section6.

2 GenericProgramming and Matrix Abstraction

For thepurposeof this paper, themostimportantaspectof a sparseformatis its index
structure.For lack of space,we will focuson how this is specifiedin our system,and
omit otherdetailsof thegenericprogrammingsystemwhichcanbefoundin a previous
technicalreport[7].

To appreciatetheimportanceof exploiting theindex structurein coderestructuring,
considerthetriangularsolvecodeof Figure3.Vectorb is denseandthelowertriangular
matrixL is sparse.Thecodeis imperfectly-nestedbecausestatementS1 is notnestedin
thei loop.SincematrixL is traversedby columnsandCSCpermitsrandomaccessto
columns,it is relatively straight-forwardto generatedata-centricsparsecodefor CSC
from this densecode.For CSRstoragehowever, it is necessaryto restructurethecode
first so that it walks over rows of L, sinceCSRstorageprovidesrandomaccessonly
to rowsof a matrix andnot to its columns.Therefore,weneeda wayof describingthe
index structureof sparseformats,andweneedtechnologyto restructurecodeto match
this index structure.

Thegrammarin Figure4 is usedto describetheindex structureof asparsematrixto
oursystem[7]. Themostimportantrule for specifyingindex structureis the Idx )+*
productionrule. For example,a CSRmatrix is describedas ,�).-/)10 , indicating



thatrows mustbeaccessedfirst, andwithin eachrow, elementswithin columnscanbe
enumerated.Themap24365 in 7�8) out 9:*�; andperm24<'5 in 7�8) out 9:*=; rulesareused
to describelinear andpermutationtransformationson the matrix indices.A matrix in
DIA storageformatcanbedescribedasmap24>
?A@B8)+,�C#@D8)+-B9:>')E@�)E0F; , while
thepermoperatoris usefulfor describingformatslike JAD. The *HG4I�*DGJG (perspective)
rule meansthat thematrix canbeaccessedin differentways,usingeitherof the index
structures*DG or *DGJG . As wewill see,JAD is anexampleof suchaformat.The *DGLKM*DGJG
(aggregation) rule is usedto describea matrix thatis a collectionof two formats,such
asa formatin which thediagonalelementsarestoredseparatelyfrom theoff-diagonal
ones.Enumeratingtheelementsof suchmatrixrequiresenumeratingboth *DG and *DGJG .

The N attributeCPO�O�O#C attributeQ notationdescribesan index obtainedfrom multiple
co-ordinatesenumeratedtogether, as in the COO format ( NR,�C"-SQM)T0 ). On the other
hand, 5 attribute UAV�V�VWU attribute7 denotesindependentindices,as in a densematrix
( 5X,YU/-S7�)Z0 ).

Eachterm * is optionallyannotatedwith thefollowing enumerationproperties.

– Enumeration order: a descriptionof theorderin whichcoordinatevaluescouldbe
enumeratedefficiently. For theCSRformatabove, , is random-access,andwithin
eachrow, - canbeenumeratedefficiently in increasingorder.

– Enumeration bounds: a descriptionof thecoordinatevaluesthatactuallyoccurin
theenumeration.A lower triangularmatrix, for example,couldbeannotated['\-
\A,B\ N.

In additionto specifyingthis index structure,thesparseformatdesignermustwrite
the actualcodeto performtheseenumerations.We omit detailsof this sinceit is not
relevantto therestof thepaper.

In therunningexampleof Figure3, wewill assumethatthesparselower triangular
matrix L is storedin JAD format.Even thoughJAD is designedfor fast enumeration
alongthe long “diagonals”,it is alsopossibleto accessthe matrix rows throughthe
indirectioniperm. In our notation,this structurecanbedescribedby the expression
perm2 iperm ]J,�GJ^_8)`,/9
5a,�G�)`-Y)b0c7�Id5eNf,�GRC#-gQh)`0i7"; . Enumerationpropertiesare
usedto tell the compilerthat ,�C",�G_jk- andthatwhenthe ,�Gl)m-')m0 perspective is
used,,�G is random-accessand - canbeenumeratedin increasingorder. SinceL canbe
efficiently accessedeitherby “diagonal”or by row andthecodein Figure3 accessesit
by column,it is necessaryto restructurethis codeto makeit matchJAD storage.The
technologydescribedin therestof thispaperaccomplishesthis.

3 Framework for Data-centric Restructuring

In this section,we summarizea data-centricframework for restructuringimperfectly-
nesteddensematrix codeswith dependences;detailscan be found in an associated
technicalreport[1]. In Section4, weadaptthis framework for sparsematrices.

Our framework makestheusualassumptionsaboutprograms:(i) programsarese-
quencesof statementsnestedwithin loops,(ii) all memoryaccessesarethrougharray
references,andthereis noarrayaliasing,and(iii) all loopboundsandarrayindicesare
affinefunctionsof surroundingloop indicesandsymbolicconstants.



We will useS1, S2, . . . , Sn to namethe statementsin the programin syntactic
order. An instancenpo of a statementSk is the executionof statementSk at iterationnqo of thesurroundingloops.We saythat thereexistsa datadependencefrom instancenar of statementSs (thesourceof the dependence)to instancenXs of statementSd (the
destination) if (i) both instanceslie within correspondingloop bounds;(ii) they refer-
encethe samememorylocation;(iii) at leastoneof themwrites to that location;and
(iv) instancen r of statementSs occursbeforeinstancen s of statementSd in program
executionorder. Dependenceconstraintscanbe representedasa matrix inequalityof
the form t/5an r C"n s 7Xuv?w>�jyx . Suchan inequalityobviously representsa polyhedron.
Eachsuchmatrix inequalitywill becalleda dependenceclass, andwill bedenotedbyz

with somesubscript.
For ourrunningexamplein Figure3, it is easytoshow thattherearetwodependence

classes.1 Thefirst dependenceclass
z'{}| 2([�\�~ { \ N C�[�\d~P����nX��\ N Ce~ {D| ~P��;

arisesbecausestatementS1 writesto a locationb[j] which is thenreadby statement
S2; similarly, theseconddependenceclass

z � | 2([H\�~ { \ N CP[
\�~g�H��nX�
\ N CR~ {_|na�4; arisesbecausestatementS2writesto locationb[i]whichis thenreadby reference
b[j] in statementS1.

3.1 Modeling Program Transformations

We modelprogramtransformationsas follows. We map dynamicinstancesof state-
mentsto pointsin a Cartesianspace� . We thenenumeratethe pointsin � in lexico-
graphicorder, andexecuteall statementsmappedto a point whenwe enumeratethat
point. If therearemore thanonestatementinstancesmappedto a point, we execute
thesestatementinstancesin original programorder. Intuitively, the Cartesianspace�
modelsa perfectly-nestedloop, and the mapsmodel transformationsthat embedin-
dividual statementsinto this perfectly nestedloop. It shouldbe understoodthat this
perfectly-nestedloop is merelya logical device—thecodegenerationphaseproduces
animperfectly-nestedloop from thespaceandthemaps.

Clearly, not all spacesandmapscorrespondto legal transformations.However, if
theexecutionorderof thetransformedprogramrespectsall dependences(i.e. for each
dependence,thesourcestatementinstanceis enumeratedandexecutedbeforethedesti-
nationstatementinstance),thentheresultingprogramis semanticallyequivalentto the
originalprogram.We mustthereforeaddressthreeproblems.

Whatis the Cartesianspace� for the transformedprogram?Eachstatementhas
an iteration spaceanda data space. The iterationspaceis a Cartesianspacewhose
dimensionis equalto thenumberof loopssurroundingthatstatement.Thedataspace
is a Cartesianspacewhosedimensionsarethe dimensionsof all referencesto arrays
on which we might wantto bedata-centric.In our context, thesearethereferencesin
thestatementto sparsearrays.Thestatementspaceof a statementis theproductof its
iterationspaceanddataspace.We denotethestatementspaceof statementSk by �Wo ,
andthecoordinatesof instancenqo in �Wo by 5anpo�C">ioc7 . A productspace� for a program
is the Cartesianproductof its individual statementiterationspaces.For the purposes

1 Thereareotherdependences, but they areredundant.



of this paper, the order in which individual dimensionsappearin this productis left
unspecified,andeachordercorrespondsto a differentproductspace.

How do we determinemaps 3
� to obtain a legal program?We embedstatement
spacesinto a productspaceusingaffine embeddingfunctions3
o/9L�Wo=)�� . Let 3
oi� �
denotethedimensionsof 3 o correspondingto dimensionsderivedfrom statementSm,
i.e. 3 oc� � 9i� o )�� � . To keepsmatterssimple,weonly considerembeddingfunctions
for which 3 oc� o is identitymapping.As dependenceclassesaredescribedby systemsof
linearinequalities,wecanuseFarkas’Lemmato computethesetof all legalembedding
functions.Detailsareavailablein [1].

How do weevaluatetheefficiencyof each transformedprogram?In thecontext of
sparsematrixcodegeneration,weanswerthisquestionin Section4.2.

For the exampleof Figure3, L is sparse,so the dataspacefor S2 will have two
dimensionscorrespondingto the row andcolumnof L. The statementspacesfor the
two statementsare � {_| ~ { UD�q� { UD�q� { and ��� | ~P��UYna��UD�q�� UD�q�� , wherethenameof each
dimensionhasbeenchosento reflectits pedigree.A productspacehas � dimensions,
andtherearea total of �:� productspaces.Among the legal embeddingfunctionsare3 { 5�~ { C��q� { C��q� { 7 | 5�~ { C��q� { C��q� { Ce~ { Ce~ { C��q� { C��q� { 7Xu , 3 � 5�~ � C"n � C��q�� C��q�� 7 | 5�~ � C��q�� C��q�� Ce~ � C#n � C��q�� C��q�� 7Xu ,
whichembedS1 andS2 in � | ~ { U/�q� { U��q�{ UM~ � U/n � UM�p�� UM�q�� .
4 Accounting for SparseMatrices

Data-centriccodefor sparsematricesmustenumeratethe co-ordinatesappropriateto
thesparsematrix format (e.g.,thediagonal > andoffset @ for the DIA storageformat
in Figure2) ratherthanthedimensionsof theenvelopingdensematrix.Therefore,we
definethe sparsedata spaceof a statement,andusethat insteadof the (dense)data
spacedescribedin Section3 to definestatementandproductspaces.

Thesparsedataspaceof astatementis definedby startingwith its densedataspace
andrecursingover the index structureof sparsematricesreferencedin thatstatement.
Whenever a productionrule map24365 in 7�8) out 9�*�; is encountered,we remove out
from thedataspaceandaddin to it. Theperm2�<'5 in 7�8) out 9c*=; ruledoesnot change
thedimensionsof the dataspace.2 If no sparsematrix in the programcontainsa pro-
duction *HG(I�*DGJG or *HG(K/*DGJG , this definesthestatementsparsedataspaceuniquely.

Theaggregationandperspectivestructuresmodify theproductspacesof aprogram.
Intuitively, if statementSk referencesa matrix describedby *DG�K�*DGJG or *DG�I�*DGJG
rule, we split Sk into two copies:Sk’ accessingthe matrix throughstructures*DG ,
andSk" accessingit through *HGJG . The aggregationrule requiresthe statementto be
executedfor bothstructures*DG and*HGJG , sotheresultingproductspaceshavedimensions� | � { U/VPV�V�U���G o U���GJG o U/V�VPV�U��W� . Ontheotherhand,theperspectiverulepresents
a choiceof accessstructure,whichgivesriseto two groupsof productspaces,thefirst
groupwith dimensions�HG | � { U�V�VPV�U���G�o/U�VPV�V:U�� � , andthesecondgroupwith
dimensions�YGJG | � { U�VPV�VLU/��GJG�o'U�VPV�VLUM� � .

In our runningexample,the perspective *DG�I�*DGJG productionrule in the structure
of the sparsematrix L tells the compiler thatL canbe accessedeitherby row, using

2 Permutationshowever changethe order of enumerationof a dimension,that order may be
importantfor legality andis handledby thecodegenerationphase.
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Fig. 5. RedundantDimensions

for r = enum(iterator_r) (increasing) do
for c = enum(iterator_c) (increasing) do
v = currently enumerated value of L
if (r=c) then b[c] = b[c]/v;
if (r>c) then b[r] = b[r] - v*b[c];

Fig. 6. Data-centricTriangularSolve

* G | 5X, G )1-/)10c7 , or along“diagonals”,using * GJG | 5RNR, G C#-SQ�)10c7 . Sinceboth
statementsS1 andS2 referenceL, andtherearetwo choicesfor eachreference,the
codein Figure3 hasfour groups(of ��� each)of productspaces.All productspaceshave
the samesetof dimensions2S~ { C��p� { C��p� { Ce~P�cC"nX��C��p�� C��p�� ; althoughthe orderof dimensions
andenumerationpropertiesaredifferentfor differentproductspaces.

4.1 GeneratingData-centric Code

We can think of a productspaceandembeddingsas representinga perfectly-nested
loop nestwith guardedstatementswherewe enumeratethe valuesof all dimensions,
and executestatementSk when the valuesbeing enumeratedmatchthe embedding3 o 5an o C"> o 7 . However, this codewill have very poor performance.To improve perfor-
mance,it is necessaryto (i) identify andeliminateredundantdimensions,and(ii) use
commonenumerationsfor relateddimensions.We illustratethesepointswith theem-
beddingfunctions 3 { 5�~ { C��q� { C��q� { 7 | 5p�q� { C��q� { C��q� { C��q� { CR~ { Ce~ { Ce~ { 7Xu and 3 � 5�~ � C#n � C��q�� C��q�� 7 |5q�q�� C��q�� C��q�� C��q�� Ce~ � CR~ � C#n � 7fu , which embedstatementsS1 andS2 into productspace� |
�q� { U/�q�� UM�p�{ U/�q�� U�~ { U'~P�DU�nX� .

All embeddingfunctionsareaffine, and for eachstatementinstance5an o C"> o 7 , the
datacoordinates> o areaffine functionsof the loop indices n o , so we can represent
the embeddingfunctionsas 3 o 5an o C"> o 7 |Z® o n o ?°¯ o , wherethe matrix

® o defines
the linearpart of 3 o , andthe vector ¯ o is the affine part.We canusethematrix

®±|
] ® { ® � OPO�O ® �i^ to identify redundantdimensionsin the productspace.We use

® o to
referto the ²L³a´ row of thematrix

®
. For ourexample,thismatrix is shown in Figure5.

If a row of the
®

matrix is a linearcombinationof precedingrows, thecorrespond-
ingdimensionof theproductspaceis saidto beredundant. In ourexample,only dimen-
sions�p� { and �q� { arenotredundant.It is notnecessaryto enumerateredundantdimensions
sincecodeis executedonly for a singlevaluein thatdimension,andthatvalueis de-
terminedby valuesof precedingdimensions,so we generatecodeto searchfor this
value.

Somedimensionsmustbe enumeratedin a particulardirectionin orderto ensure
legality. If the ²L³a´ dimensionof thedifference3 s 5Xn s C"> s 7¶µ·3 r 5Xn r C#> r 7 for somedepen-
denceclass

z
is thefirst dimensionwith non-zero(i.e. positive)value,thendimension² of the productspacemustbe enumeratedin increasingorderto satisfydependence

class
z

. In our example,in orderto not violatedependenceclass
z {

, theenumeration
of dimension� � { mustbein increasingorder. Similarly, dimension� � { mustbeenumer-
atedin increasingorderbecauseof dependenceclass

z � . All otherdimensionsof the
productspacecanbeenumeratedin arbitraryorder.
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An importantoptimizationis recognizinggroupsof dimensionsthatcouldbeenu-
meratedtogether. In previouswork [6], wedevelopedtechnologyfor commonenumer-
ationof dimensionswhich arerelatedthrougha singleparametricvariable(we called
thesejoinable dimensions).We usecommonenumerationsfor groupsof dimensions
consistingof a non-redundantdimension,andredundantdimensionsthat immediately
follow it andarelinearly dependenton it. Therearea numberof waysof performing
commonenumerationswhich arecloselyrelatedto join strategiesin databasesystems
suchasmerge-joinandhash-join[6].

In the example,dimensions�q� { and �q�� areenumeratedtogether, asaredimensions�q� { and �q�� . Thesecommonenumerationsare trivial becausethey enumeratethe same
dimensionof thesamematrix.All iterationspacedimensionsareredundantanddonot
even needsearches,as their valuescould be accesseddirectly. The resultingcodeis
shown in Figure6.

4.2 Search Spaceand CostEstimation

We can enumerateall legal enumeration-basedcodesas illustratedin Figure 7. The
syntaxof thecodeis describedby thefollowing grammar. Theguard conditionalsarise
becauseof loopbounds.¸��

for ¹»º enum 	 iterator� do ¸�
for ¹»º enum 	 itr ¼" itr ½¾� do

¸�
if 	a¹Wº search 	 iterator�R� then ¸�
if 	 guard� then ¿�ÀvÁ��¸ ¼SÂ ¸ ½

�
EnumCost	 iterator �:Ã Cost	 ¸ ��
CommonEnumCost	 itr ¼S itr ½S��Ã Cost	 ¸ ��
SearchCost	 iterator�»Ä Cost	 ¸ ��:Å�
Cost	 ¸ ¼"�:Ä Cost	 ¸ ½P�

Eachsyntaxruleis annotatedwith itsassociatedcost.EnumCostdependsonwhether
we areenumeratingthedimensionin a directionsupportedby the format,or whether
dependencesforceusto enumeratein a differentdirection.SearchCostdependson the
type of enumerationmethodavailablefor that dimension(e.g., whetherit is an inter-
val, or whetherthe valuesaresorted).CommonEnumCostdependson what common
enumerationimplementationsareavailablefor thecorrespondingdatadimensions.

4.3 Heuristics to Limit the Search Space

Searchingthe full spaceof enumeration-basedcodesis impractical,but the following
heuristicsmakethesearchspacemanageable.
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Data-centricExecutionOrder: We only considerdata-centricordersof dimensions
of theproductspace(i.e., ordersin whichall datadimensionscomebeforeany iteration
spacedimensions).The indexing structureof sparsematricesputsfurther restrictions
onthedimensionsorderingsweneedto consider. For example,if L is accessedthrough
theabstractstructure,�Gl)m-')m0 , our compilerdoesnot considerproductspacesin
which - is enumeratedbefore, .

CommonEnumerations:Efficient sparsecodeenumeratesthedataasfew timesas
possible,soour goal is to usea singleenumerationof a sparsematrix, andexecuteall
statementswhich referencethat matrix. That restrictsour choiceof embeddingfunc-
tions to just threeperdimension:a commonenumerationwith a matchingdimension
of anotherstatement,or, if thatis not legal,embeddingthestatementbeforeor after the
enumerationof thematchingdimension.

5 Experimental Results

We have implementedthe algorithmpresentedin this paperin the Bernoulli Sparse
Compiler. Herewe presentperformancemeasurementson anSGI Octane3 andan In-
tel PentiumII4 machines.We comparedthe codeproducedby our algorithmwith the
NIST SparseBLAS [4] implementationsof triangularsolve for the CSR,CSC,and
JAD sparseformats.SparseBLAS supports13 compressedformats.A completeFor-
tran implementation,aswell asa betteroptimizedbut incompleteimplementationin
C, areavailable.ThemorecomplicatedformatssuchasJAD arenot supportedin the
optimizedC implementation.

Figure8 presentstheperformanceof thehand-writtenNIST C (grey bars)andFor-
tran(blackbars)codes,andthecodeproducedby our algorithm(stripedbars).As in-
putweusedthematrixcan 1072 from theHarwell-Boeingcollection5. Theseresults
clearly show that the genericprogrammingapproachcansuccessfullycompetewith
hand-writtenlibrary code.Indeed,the performanceof our coderangesbetween90%
and133%of NIST’s C implementationandbetween110%and178%of NIST’s For-
tranimplementationon theR12K.On thePentiumII, our code’s performanceis prac-

3 300MHzR12Kprocessor, 2MB L2 cache,MIPSprov.7.2compiler, flags:-O3 -n32-mips4.
4 300MHz,512KBL2 cache,256MBRAM, egcs-2.91.66compiler, flags:-O3-funroll-loops.
5 http://math.nist.gov/MatrixMarket/data/Harwell-Boeing/



tically identical with NIST’s C implementationandoutperformsthe NIST’s Fortran
implementationby about50%.

6 Conclusions

We have presenteda generalframework thatcanbeusedfor modelingexecutionand
restructuringof both sparseand denseimperfectly-nestedmatrix codeswith depen-
dences.We have usedthis framework to developanalgorithmfor synthesizingsparse
matrix codefrom densematrix codeanda specificationof sparsematrix formats.The
specificationlanguageis generalenoughto captureall sparseformatsthatweareaware
of, andsupportsuser-defineddatastructures.However, thisgeneralitydoesnotcomeat
theexpenseof performance.Our algorithmis ableto exploit the indexing structureof
sparsematrix formatsandgeneratecodecompetitivewith hand-writtenlibrary codes.

In this paperwe only discussedsequentialsparsematrix codegeneration.In [5]
wehave investigatedthegenerationof parallel sparsematrixcodefor perfectly-nested
loopswith nodependences,andweareworkingoncombiningthetwo techniques.
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