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Abstract. We presentcompilertechnologyfor generatingsparsematrix code
from (i) densematrix code and (ii) a descriptionof the indexing structureof
the sparsematrices.This technologyembedsstatemeninstancednto a Carte-
sianproductof statemeniterationanddataspacesandproducesfficient sparse
codeby identifying commonenumeration$or multiple referenceso sparsema-
trices.This approactworksfor imperfectly-nested¢odeswith dependencg and
producesparsecodecompetitve with hand-writterlibrary code.

1 Intr oduction

Sparseamatricesareusuallystoredin compessedormatsin which zerosarenot stored
explicitly [9]. Thisreducestorageequirementsandin mary codesalsoeliminateghe
needio computewith zeros Figurel shovs a sparseanatrixandanumberof commonly
usedcompressetbrmatsthatwe will useasrunningexamplesin this paper

The simplestformatis Co-odinatestorage (COOQO)in which threearraysareused
to storenon-zeroelementsandtheir row andcolumnpositions.The non-zerosnmay be
orderedarbitrarily. CompessedsparseRowstorage(CSR)is a commonlyusedformat
that permitsindexed accesgo rows but not columns.Array val ues is usedto store
the non-zerof the matrix row by row, while anotherarraycol i nd of the samesize
is usedto storethe columnpositionsof theseentries.A third arrayr owpt r hasone
entryfor eachrow of the matrix, andit storesthe positionin val ues of thefirst non-
zeroelementbf eachrow of the matrix. CompessedsparseColumnstorage(CSC,not
shawvn) is the transpos@f CSRin which the non-zerosare storedcolumn-by-column,
andit offersindexedaccesgo columns.

A morecomple formatis theJaggediagonal(JAD) format.Thisformatorganizes
the non-zerosof a sparsematrix into a small numberof very long “diagonals”. An
instanceof a JAD matrix is constructedy (i) “compressing'the rows of the matrix so
thatzeroelementsareeliminated(introducinganauxiliary array col i nd, to maintain
the original columnindices);(ii) sortingthe compressedows by the numberof non-
zeroswithin eachrow in deceasingorder(introducinga permutatiorvector i per m;
and (iii) storingthe columnsof the compressednd sortedmatrix, which are called
the “diagonals”,in two vectors,col i nd andval ues. Finally, Figure 2 illustrates
theDiagonal(DIA) storageormatwhichis appropriatdor bandedmatrices Only the
diagonalontainingnon-zercelementsarestored elementsareaddressedy diagonal
andoffset.
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For densematrices,highly efficient implementation®f the Basic Linear Algebra
Subroutine¢BLAS) [3] areusuallyprovidedby hardwarevendorsFor sparsematrices,
theproblemof developingBLAS librariesis complicatedyy thefactthatsomeforty or
fifty compresseformatsareusedwidely, andeachformatrequirescustomizeccode.
Mary attemptsat writing sparseBLAS libraries have beenconfoundedby the code
explosionproblem[11,4].

Bik and Wijshoff [2] proposedisingrestructuringcompilertechnologyto synthe-
sizesparseamatrix programsrom densematrix programsTheir compilerrestructured
input codesto matcha CompessedyperplaneStoage(CHS)format(CSRandCSC
are specialcasesf this format) whenaer possible.However, their systemis not ex-
tensiblein the sensethat the programmercannotspecify a new format, and modern
sparseformats suchas JAD format cannotbe supported Pughand Shpeismarj10]
proposean intermediateprogramrepresentatiofior sparsecodesthat allows themto
predictasymptoticprogramefficieng/ andmakedecisionsaboutchosingsparsematrix
formats.

In our previous work [7], we amguedthat (i) sparsematricesshouldbe viewed as
sequential-accesdatastructureq13], and (ii) efficient sparsecodesshouldbe orga-
nizedif possibleas data-centriccomputationghat enumeratenon-zeroelementsof
sparsanatricesandperformcomputationsvith theseelementsasthey areenumerated.
Thisview is in contrasto the corventionalview of arraysasrandom-accesdatastruc-
tures,a view thatis usefulonly whenthe arrayis dense An importantrefinemento
the sequential-accesgew is that somesparsdormatshave anindexing structureand
shouldthereforebe viewed asindexed-sequential-accestructureq13]. For example,
the CSRformatpermitsindexing to rows (but notto columns) andthis indexing struc-
turemustbe exploitedin somecodessuchasmatrix multiplication.

To avoid having to write differentdata-centrigprogramdor eachsparsdormat,we
exploit theideaof genericprogramming[8]. The algorithmis programmeadbstractly
just oncein a data-structure-neutrdhshion,and concreteprogramsare obtainedby
instantiatinghis abstractodewith differentdatastructureimplementationsThe most
well-known exampleof this approachs the StandardlemplateLibrary (STL) in C++.
TheMTL [12] is ageneridibrary of matrix computations.
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Fig. 4. SparseéMatrix Abstraction

In our systemgenericprogramsaredensematrix programsandthey are“instan-
tiated” into efficient sparsematrix programsby our restructuringcompilerwhenit is
suppliedwith specification®f sparsdormats.Of coursethisinstantiatiormechanism
is considerablymorecomplex thanthe C++ templateinstantiationmechanisnsinceit
is necessaryo restructurehe densecodeat a deeplevel to makeit data-centridor the
desiredsparseormat. Previously, we shaved how this restructuringcould be doneif
the programis a perfectly-nestedbop nestin which iterationscanbe executedin ary
order[6]. However, mary codesof interest,suchasthe triangularsolwe in Figure 3
andmatrix factorizations arenot perfectly-neste@nddatadependencedo not allow
executingstatement arbitraryorder We addresshis problemin this paper

Therestof the paperis organizedasfollows. In Section2, we sketchhow the user
can specify sparsematrix formatsin our genericprogrammingsystem.Iln Section3,
we give an outline of a restructuringframevork that we developedfor imperfectly-
nestedloops computingwith densematrices[1]. In Section4, we discusshow this
framevork can be usedfor synthesizingsparsematrix codefrom densematrix code
andsparsdormatdescriptionsThe key ingredientsn our solutionarea searchspace
of sparseprogramsa costmetric for evaluatingthe quality of a sparseprogram,and
heuristicsto restrictthe searchspace.ln Section5, we presentexperimentalresults
demonstratinghatourapproactproducegodecompetitivewith hand-optimizedparse
matrix libraries.Finally, we summarizehe paperin Section6.

2 Generic Programming and Matrix Abstraction

For the purposeof this paperthe mostimportantaspecof a sparsdormatis its index
structure For lack of spacewe will focuson how this is specifiedin our system,and
omit otherdetailsof the generigorogrammingsystemwhich canbefoundin a previous
technicalreport[7].

To appreciatéheimportanceof exploiting theindex structuren coderestructuring,
considethetriangularsolve codeof Figure3. Vectorb is denseandthelowertriangular
matrixL is sparseThecodeis imperfectly-nestelecausstatemen§l is notnestedn
thei loop. Sincematrix L is traversedby columnsand CSCpermitsrandomaccesso
columnsiit is relatively straight-forwardo generatedata-centricsparsecodefor CSC
from this densecode.For CSRstoragehowever, it is necessaryo restructurghe code
first sothatit walks over rows of L, sinceCSR storageprovidesrandomaccesonly
to rows of amatrix andnotto its columns.Therefore we needa way of describingthe
index structureof sparsdormats,andwe needtechnologyto restructurecodeto match
thisindex structure.

Thegrammaiin Figure4is usedo describaheindex structureof asparsenatrixto
our system[7]. Themostimportantrule for specifyingindex structureis theldx — F
productionrule. For example,a CSR matrix is describedasr — ¢ — v, indicating



thatrows mustbe accessedrst, andwithin eachrow, elementswithin columnscanbe
enumeratedThemap{F (in) — out: E} andperm{ P(in) — out: E'} rulesareused
to describdinear and permutationtransformation®n the matrix indices.A matrix in
DIA storag€formatcanbe describecasmap{d + o — r,0+— ¢ : d = o — v}, while
thepermoperatoiis usefulfor describingormatslike JAD. The E’ ¢ E" (perspectivi
rule meanghatthe matrix canbe accesseth differentways,usingeitherof the index
structuresE’ or E”'. As we will see JAD is anexampleof suchaformat.The E’ U E”
(aggregation) rule is usedto describea matrix thatis a collectionof two formats,such
asaformatin which the diagonalelementsarestoredseparatelyrom the off-diagonal
ones Enumeratinghe elementof suchmatrixrequiresenumeratindgoth £ and E”’.

The (attribute . . ., attributé notationdescribesan index obtainedfrom multiple
co-ordinatenumeratedogether asin the COO format ({r,c¢) — v). On the other
hand, (attribute x - - - x attribute) denotesndependenindices,asin a densematrix
((r x ) = v).

Eachterm E is optionallyannotatedvith thefollowing enumeation properties

— Enumeation order. a descriptionof the orderin which coordinatevaluescouldbe
enumerateefficiently. For the CSRformatabove, r is random-accessndwithin
eachrow, ¢ canbe enumerateefficiently in increasingordet

— Enumeation bounds a descriptionof the coordinatevaluesthat actuallyoccurin
the enumerationA lower triangularmatrix, for example,could be annotated <
c<r <N

In additionto specifyingthis index structurethe sparsdormatdesignemustwrite
the actualcodeto performtheseenumerationsWe omit detailsof this sinceit is not
relevantto therestof the paper

In therunningexampleof Figure3, we will assumehatthe sparsdower triangular
matrix L is storedin JAD format. EventhoughJAD is designedor fastenumeration
alongthelong “diagonals”,it is also possibleto accesghe matrix rows throughthe
indirectioni per m In our notation,this structurecanbe describedby the expression
perm{i per mir'] — r : (v = ¢ = v) & ((+',¢) — v)}. Enumeratiorpropertiesare
usedto tell the compilerthatr, » > ¢ andthatwhenther’ — ¢ — v perspectie is
used,’ is random-accesandc canbeenumerateéh increasingorder Sincel canbe
efficiently accesseditherby “diagonal” or by row andthe codein Figure3 accesses
by column,it is necessaryo restructurehis codeto makeit matchJAD storage.The
technologydescribedn therestof this paperaccomplishethis.

3 Framework for Data-centric Restructuring

In this section we summarizea data-centricframevork for restructuringmperfectly-
nesteddensematrix codeswith dependencegjetails can be found in an associated
technicalreport[1]. In Sectiond, we adaptthis framewvork for sparsematrices.

Our framavork makesthe usualassumptiongboutprograms{i) programsarese-
guencesf statementsestedwithin loops, (ii) all memoryaccessearethrougharray
referencesandthereis no arrayaliasing,and(iii) all loopboundsandarrayindicesare
affine functionsof surroundindoop indicesandsymbolicconstants.



We will useS1, S2, ..., Sn to namethe statementsn the programin syntactic
order An instance:; of a statementk is the executionof statementk at iteration
i, of the surroundingoops.We saythatthereexists a datadependencéom instance
is of statemenBs (the source of the dependencdp instancei; of statementd (the
destination if (i) bothinstancedie within correspondindgoop bounds(ii) they refer
encethe samememorylocation;(iii) atleastoneof themwritesto thatlocation;and
(iv) instancei; of statemenBs occursbeforeinstancei, of statementd in program
executionorder Dependenceonstraintscanbe represente@s a matrix inequality of
theform D(is,i4)T + d > 0. Suchaninequalityobviously represents polyhedron.
Eachsuchmatrix inequalitywill becalleda dependencelass andwill be denotedby
‘D with somesubscript.

For ourrunningexamplein Figure3, it is easyto shaw thattherearetwo dependence
classes. Thefirst dependencelassD; = {1 < j; < N1 < jo < i3 < N, j1 = ja}
arisesbecausastatemensl writesto alocationb[ j | whichis thenreadby statement
S2; similarly, theseconddependencelassDs = {1 < j; < N, 1< js <iy <N j; =
iy} arisehecausstatemens2 writestolocationb[ i ] whichis thenreadby reference
b[j] instatemensl.

3.1 Modeling Program Transformations

We model programtransformationsas follows. We map dynamicinstancesof state-
mentsto pointsin a CartesiarspaceP. We thenenumeratehe pointsin P in lexico-
graphicorder andexecuteall statementsnappedo a point whenwe enumeratehat
point. If thereare morethanone statemeninstancesmappedto a point, we execute
thesestatementinstancesn original programorder Intuitively, the CartesiarspaceP
modelsa perfectly-nestedoop, and the mapsmodeltransformationghat embedin-
dividual statementsnto this perfectly nestedoop. It shouldbe understoodhat this
perfectly-nestedbop is merelya logical device—thecodegeneratiorphaseproduces
animperfectly-nesteébop from thespaceandthe maps.

Clearly, not all spacesandmapscorrespondo legal transformationsHowever, if
the executionorderof thetransformedorogramrespectall dependence@.e. for each
dependencehesourcestatemeninstancds enumeratedndexecutedbeforethe desti-
nationstatemeninstance)thenthe resultingprogramis semanticallyequivalentto the
original program We mustthereforeaddresshreeproblems.

Whatis the CartesianspaceP for the transformedprogram? Eachstatemenhas
an iteration spaceand a data space The iteration spaceis a Cartesiarspacewhose
dimensionis equalto the numberof loops surroundinghat statementThe dataspace
is a Cartesiarspacewhosedimensionsarethe dimensionsof all referencedo arrays
on which we might wantto be data-centricln our context, thesearethe referencesn
the statemento sparsearrays.The statemenspaceof a statements the productof its
iterationspaceand dataspace We denotethe statemenspaceof statemensk by S,
andthe coordinate®f instancei;, in Sy by (ix, dx). A productspacep for a program
is the Cartesiarproductof its individual statementteration spacesFor the purposes

! Thereareotherdependenes but they areredundant.



of this paper the orderin which individual dimensionsappeatin this productis left
unspecifiedandeachordercorrespond$o a differentproductspace.

How do we determinemapsF; to obtain a legal program?We embedstatement
spacesnto a productspaceusingaffine embeddingunctionsF, : S — P. Let I, p,
denotethe dimensionof Fj correspondingo dimensionslerivedfrom statemensm
i.e Il m : Sk — Sm. To keepsmatterssimple,we only considerembeddingunctions
for which F}, ;. is identity mapping As dependencelassesiredescribedy systemsof
linearinequalitieswe canuseFarkas’Lemmato computehesetof all legalembedding
functions.Detailsareavailablein [1].

How do we evaluatethe efficiencyof ead transformecprogram?In the contet of
sparsamatrix codegenerationye answetthis questionn Sectior4.2.

For the exampleof Figure 3, L is sparseso the dataspacefor S2 will have two
dimensionscorrespondingdo the row and columnof L. The statemenspacedor the
two statementareS; = j; x ] x {§ andS; = ja x i x I§ x [§, wherethenameof each
dimensionhasbeenchosento reflectits pedigree A productspacehas7 dimensions,
andtherearea total of 7! productspacesAmong the legal embeddingunctionsare
Fr(in,15,05) = (G0, 15,05, 51, 31, 05, 05)7 ) Falda, ia, 15,15) = (j2, 15,15, 2. 62, 15, 15) 7,
whichembedS1 andS2 in P = j; x I x I x jy x i x [§ x [§.

4 Accounting for SparseMatrices

Data-centriccodefor sparsematricesmustenumeratehe co-ordinatesappropriateo
the sparsematrix format (e.g.,the diagonald andoffseto for the DIA storageformat
in Figure2) ratherthanthe dimensionsf the envelopingdensematrix. Thereforewe
definethe sparsedata spaceof a statementand usethat insteadof the (dense)data
spaceadescribedn Section3 to definestatemenandproductspaces.

Thesparsalataspaceof a statementis definedby startingwith its densedataspace
andrecursingover the index structureof sparsematricesreferencedn that statement.
Wheneer a productionrule map{ F (in) — out : E'} is encounteredywe remove out
from thedataspaceandaddin to it. Theperm{ P(in) — out: £} rule doesnotchange
the dimensionsof the dataspace. If no sparsematrix in the programcontainsa pro-
ductionE’ @ E" or E' U E", this defineghe statemensparsedataspaceuniquely

Theaggreationandperspectie structuresnodify theproductspace®f aprogram.
Intuitively, if statementSk referencesa matrix describedoy E' U E” or E' @& E"
rule, we split Sk into two copies: Sk’ accessinghe matrix throughstructuresE’,
andSk" accessingt through E”’. The aggregationrule requiresthe statemento be
executedor bothstructurest’ andE”, sotheresultingproductspace$iave dimensions
P=8 x - x8x8" x - x8,.0ntheotherhand theperspectierule presents
achoiceof accesstructurewhich givesriseto two groupsof productspacesthefirst
groupwith dimensionsP’ = 8§; x --- x 8’ x --- x 8,, andthe secondgroupwith
dimension®®” = 81 x - - x 8" x - x S,

In our runningexample,the perspectie £’ & E’ productionrule in the structure
of the sparsematrix L tells the compilerthatL canbe accessee@itherby row, using

2 permutationsowever changethe order of enumeratiorof a dimension that order may be
importantfor legality andis handledby the codegeneratiorphase.
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E' = (' = ¢ — v), or along“diagonals”,using E” = ((+',¢) — v). Sinceboth

statement$1 and S2 referenced., andtherearetwo choicesfor eachreferencethe

codein Figure3 hasfour groups(of 7! each)of productspacesAll productspacehave

the samesetof dimensions{ji,17, 5, ja, 42, 15,15} althoughthe orderof dimensions
andenumeratiorpropertiesaredifferentfor differentproductspaces.

4.1 Generating Data-centric Code

We canthink of a productspaceand embeddingsas representing perfectly-nested
loop nestwith guardedstatementsvherewe enumeratehe valuesof all dimensions,
and executestatementSk when the valuesbeing enumeratednatchthe embedding
Fy(ix, di). However, this codewill have very poor performanceTo improve perfor
mance,|t is necessaryo (i) identify andeliminateredundantimensionsand (ii) use
commonenumeration$or relateddimensionsWe illustratethesepointswith the em-
beddingfunctions Fy (j1,17,1$) = (I5,85,15,1$, 51,31, 71)F and Fy(ja,i2,05,15) =
(15,15, 15,15, j2, j2, i2) T, which embedstatement$1 andS2 into productspaceP =
I 15 x 1§ x 1§ X j1 X ja X 1.

All embeddingunctionsare affine, and for eachstatemeninstance(i, dx), the
datacoordinatesi; are affine functionsof the loop indicesi;, sowe canrepresent
the embeddingfunctionsas Fj (i, dx) = Gkir + gk, Wherethe matrix Gy, defines
thelinear partof Fj, andthe vectorg; is the affine part. We canusethe matrix G =
[G1G5 ... Gy,] to identify redundandimensionsin the productspace We use G* to
referto the k*” row of thematrix GG. For our example,this matrixis shavn in Figure5.

If arow of the G matrixis alinearcombinationof precedingows, thecorrespond-
ing dimensiorof theproductspaces saidto beredundantin ourexample,only dimen-
sionsl] and!§ arenotredundantlt is notnecessario enumerateedundantdimensions
sincecodeis executedonly for a singlevaluein thatdimensionandthatvalueis de-
terminedby valuesof precedingdimensionsso we generatecodeto searchfor this
value.

Somedimensionamustbe enumeratedn a particulardirectionin orderto ensure
legality. If the k** dimensiorof thedifferenceF;(iq, d4) — Fj(is, ds) for somedepen-
denceclassD is thefirst dimensionwith non-zerd(i.e. positive) value,thendimension
k of the productspacemustbe enumeratedn increasingorderto satisfydependence
classD. In our example,in orderto not violate dependencelassD,, theenumeration
of dimension/] mustbein increasingorder Similarly, dimension/{ mustbe enumer
atedin increasingorderbecausef dependencelassD,. All otherdimensionf the
productspacecanbe enumeratech arbitraryorder
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An importantoptimizationis recognizinggroupsof dimensionghat could be enu-
meratedogetherIn previouswork [6], we developedtechnologyfor commonenumer
ation of dimensionswhich arerelatedthrougha single parametricvariable(we called
thesejoinable dimensions)We usecommonenumerationgor groupsof dimensions
consistingof a non-redundantdimension andredundantimensionghatimmediately
follow it andarelinearly dependenon it. Therearea numberof waysof performing
commonenumerationsvhich arecloselyrelatedto join stratgiesin databaseystems
suchasmeige-joinandhash-join[6].

In the example,dimensiond] and!; areenumeratedogetheyas aredimensions
[$ andl$. Thesecommonenumerationsire trivial becausehey enumeratdehe same
dimensiorof the samematrix. All iterationspacedimensionsareredundananddo not
even needsearchesastheir valuescould be accessedlirectly. The resultingcodeis
shavnin Figure6.

4.2 Search Spaceand Cost Estimation

We can enumeratall legal enumeration-basecbdesasillustratedin Figure7. The
syntaxof the codeis describedy thefollowing grammarThe guard conditionalsarise
becausef loop bounds.

S :for 1€ enuntiterator) do S : EnumCodiiterator) « Cos{(.S)
| for ¢€enunitry,itr;) do S : CommonEnumCaqstr,, itrz) * Cost.S)
|if (i€ search(iterator)) then S : SeachCostiterator) + Cos{(.S)
|if (guad) then z =1y 01
| 51;52 : COS(Sl) + COS(SQ)

Eachsyntaxruleis annotatedvith its associatedost. EnumCostlependenwhether
we areenumeratinghe dimensionin a directionsupportedy the format, or whether
dependence®rce usto enumeraten a differentdirection.SeachCostdepend®n the
type of enumeratiormethodavailablefor that dimension(e.g., whetherit is aninter-
val, or whetherthe valuesare sorted).CommonEnumCostependson what common
enumerationmplementationgreavailablefor the correspondinglatadimensions.

4.3 Heuristicsto Limit the Search Space

Searchinghe full spaceof enumeration-basecbdesis impractical,but the following
heuristicamakethesearctspacemanageable.
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Data-centricExecutionOrder: We only considerdata-centriordersof dimensions
of the productspacdi.e., ordersin which all datadimensioncomebeforeary iteration
spacedimensions)The indexing structureof sparsematricesputsfurther restrictions
onthedimension®rderingsve needto considerFor example,if L is accessethrough
the abstractstructurer’ — ¢ — v, our compilerdoesnot considemproductspacesn
which ¢ is enumeratetheforer.

CommorEnumeations: Efficient sparsecodeenumeratethe dataasfew timesas
possible soour goalis to usea singleenumeratiorof a sparsematrix, andexecuteall
statementsvhich referencethat matrix. That restrictsour choiceof embeddingunc-
tionsto just threeper dimension:a commonenumeratiorwith a matchingdimension
of anotherstatementor, if thatis notlegal, embeddinghe statemenbefoe or after the
enumeratiorof the matchingdimension.

5 Experimental Results

We have implementedhe algorithm presentedn this paperin the Bernoulli Sparse
Compiler Herewe presenterformancemeasurementsn an SGI Octané andan In-
tel Pentiumll* machinesWe comparedhe codeproducedby our algorithmwith the
NIST SparseBLAS [4] implementationf triangularsolve for the CSR,CSC, and
JAD sparsdormats.SparseBLAS supportsl3 compressedormats.A completeFor-
tranimplementationaswell asa betteroptimizedbut incompleteimplementationn
C, areavailable.The more complicatedormatssuchasJAD arenot supportedn the
optimizedC implementation.

Figure8 presentshe performancef the hand-writterNIST C (grey bars)andFor-
tran (black bars)codes.andthe codeproducedoy our algorithm(stripedbars).As in-
putwe usedthe matrixcan_1072 from the Harwell-Boeingcollectior?. Theseresults
clearly shaw that the genericprogrammingapproachcan successfullycompetewith
hand-writtenlibrary code.Indeed,the performanceof our coderangeshetween90%
and133%of NIST’s C implementatiorand betweenl10%and 178%of NIST’s For-
tranimplementatioron the R12K. Onthe Pentiumll, our codes performancas prac-

8 300MHzR12K processar2MB L2 cache MIPSprov.7.2compilet flags:-O3 -n32-mips4.
4 300MHz,512KB L2 cache256MB RAM, egcs-2.91.6&ompilet flags:-O3-funroll-loops.
5 http://math.nist.go'MatrixMarket/data/Harwell-Boeing/



tically identicalwith NIST’s C implementationand outperformsthe NIST’s Fortran
implementatiorby about50%.

6 Conclusions

We have presented generalframevork that canbe usedfor modelingexecutionand
restructuringof both sparseand denseimperfectly-nestednatrix codeswith depen-
dencesWe have usedthis framavork to develop an algorithmfor synthesizingsparse
matrix codefrom densematrix codeanda specificatiorof sparsematrix formats.The
specificatiorlanguageés generaknougho captureall sparsdormatsthatwe areaware
of, andsupportaiserdefineddatastructuresHowever, this generalitydoesnot comeat
the expenseof performanceOur algorithmis ableto exploit the indexing structureof
sparsanatrix formatsandgenerateodecompetitive with hand-writtenibrary codes.
In this paperwe only discussedequentiakparsematrix codegenerationin [5]
we have investigatedhe generatiorof parallel sparsematrix codefor perfectly-nested
loopswith no dependencesndwe areworking on combiningthetwo techniques.
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