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Abstract

Tiling hasproven to be an effective mechanisnto develop high
performanceimplementationsof algorithms.Tiling can be used
to organizecomputationsso that communicationcostsin parallel
programaarereducedandlocality in sequentiatodesor sequential
component®f parallelprogramss enhanced.

In this paperadatatype - HierarchicallyTiled Arraysor HTAs
- that facilitates the direct manipulationof tiles is introduced.
HTA operationsare overloadedarray operations.We argue that
the implementationof HTAs in sequentialOO languagesrans-
formstheselanguagesdnto powerful tools for the developmentof
high-performancearallelcodesandcodeswith high degreeof lo-
cality. To supportthis claim, we discussour experiencewith the
implementatiorof HTAs for MATLAB andC++ andtherewriting
of theNAS benchmarksinda few otherprogramsanto HTA-based
parallelform.

Categoriesand SubjectDescriptors D.1.3 [ProgrammingTec-
nique$: Concurrent Programming; D.3.3 [Programming Lan-
guageq: LanguageConstructandFeatures

GeneralTerms Language

Keywords Parallel programmingdata-parallellocality enhance-
ment,tiling

1. Intr oduction

This paperintroducesa type of objectthatfacilitatesthe provision

of locality and parallelism.Theseobjectsare tiled arrayswhose
tiles could be tiled andwhosecomponentstiles or the underlying
scalarscanbeaccessedsinganintuitive notation.In otherwords,

a hierarchicallytiled arraycanbe accessedsa at n-dimensional
array wherethe scalarelementsare addressedising the corven-

tional subscriptnotationor as a hierarchyof tiles whosecompo-
nentsareaddressetly a sequencef subscriptuples,onefor each
level of tiling.
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The main motivation behindthe designof theseHierarchically
Tiled Arraysor HTAs is that, for a wide rangeof problems,data
tiling hasprovento be an effective mechanisnfor improving per
formanceby enhancindocality [26] andparallelism[3, 9, 8, 21].
Our objective in this paperis to make a®rst attemptin theidenti®-
cationof the setof operation®ntiles neededo develop programs
that are at the sametime readableand ef®cient and to shav that
suchoperationdacilitate programmingof high performancecom-
putations.

To implement parallel computationsfor distributed memory
machines,HTA tiles are distributed. Parallel computationsand
communicationsare representedy overloadedarray operations.
Thus,interprocessocommunicatioroperationsrerepresentetyy
assignmentdetweenHTAs with different distributions. Parallel
computationsake theform of array(or dataparallel)operationsn
the distributedtiles. HTAs aredesignedor useby singlethreaded
programswvhereparallelcomputationgrerepresentedsarrayop-
erations.As a result, parallelismis highly structuredwhich im-
provesreadabilityover the SPMD paradigm.The useof arrayop-
erationgo represenparallelcomputation®n adistributedmemory
systemis, of coursenotnew. It wastheonly mechanisnto express
parallelismin llliac 1V [5] andotherSIMD systemsandit hasbeen
usedin a variety of languagesncluding High Performance-or-
tran [3] andits variants[10] and ZPL [9], X10 [11], and others.
Themaincontrikution of HTA is theuseof arrayoperationgo ma-
nipulatetiles directly. HTAs arealsousefulfor the developmentof
ef®cient programsfor shared-memorand uniprocessocomputa-
tions becausalatatiling tendsto reducedatatraf®c in SMP com-
putationsand increaselocality in sequentiakomputationsMore
speci®cally HTAs area convenientnotationto programmulticore
processorandhybrid parallelmachinesuchasthe CELL Broad-
bandEngine[22]. Furthermorepecauseof their hierarchicalna-
ture, HTAs can be usedto take advantageof the multiple levels
of parallelismthatcanbe exploited by systemssuchasclustersof
multicore processoraswell asmultiple levels of memoryhierar
chy.

Therestof the paperis organizedasfollows. In Section2, we
describeHTAs and the operationson them that we have found
most usefulin our studies.In Section3, we presentsomecode
examplesto illustrate how a few important parallel kernelscan
be implementedwith HTAs. Our objective in this Sectionis to
demonstratéhatHTAS canbeusedto produceelegantandintuitive
formulationsof thesekernelsIn Sectiord we discusur efforts to
incorporateHTAs in two sequentialanguagesMATLAB andC++.
Finally, in Section5 we comparethe HTA approachwith other
parallelprogrammingapproached=inally, Section6 concludes.
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Figure 1. Pictorialview of aHierarchicallyTiled Array.

F= hta(M, {[ 3 5],[1 3 5]})
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mes,; of
processor:

distributed
HTAF

(@) (b)

Figure 2. Constructionof an HTA by partitioning an array-(a).
Mappingof tiles to processors-(b).

2. A NewProgramming Paradigm

In this Sectionwe describethe semanticsof the Hierarchically
Tiled Arrays (HTA) (Section2.1), their constructionand distri-
bution (Section2.2) mechanismdo accesghe HTA components
(Section2.3), assignmenstatement@nd binary operationgSec-
tion 2.4) andotherHTA methods(Section2.5). For simplicity, in
all theexamplesin this Sectionwe usethe syntaxof our MATLAB
extension.

2.1 Semantics

HierarchicallyTiled Arrays(HTAs) arearrayspartitionednto tiles.

Thesetiles canbe eithercorventionalarraysor lower level Hierar

chically Tiled Arrays.Tiles canbedistributedacrosgrocessorin

adistributed-memorymachineor be storedin a singlemachineac-
cordingto a userspeci®edayout. We distributethe outermostiles
acrossprocessorgor parallelismand utilize the innertiles for lo-

cality. Figure 1 shavs an example of an HTA with two levels of

tiling.

2.2 Construction of HTAs

Two differentapproachesanbe usedto createan HTA. The ®rst
is to tile anexisting arrayusingdelimitersfor eachdimension For
example,if Misa6 6 matrix,thefunctionhta(M, f[1 3 5],[1
3 5]g) createm3 3HTA resultingfrom partitioningMin tiles of
2 2elementeachasshav in Figure2-(a). Thesecondbarameter
of the HTA constructoris an array of vectorsthat speci®esthe
startinglocationof thetiles. Thei-th vectorcontainsthe partition
vectorfor thei-th dimensionof the sourcearray The elementof
this partition vectormark the beginning of eachsub-tilealongthe
correspondinglimension.In our example,rows 1 , 3 and5, and
columnsl, 3 and5 arethe partitionspoints.

Alternatively, an HTA canbe built asan emptysetof tiles. In
orderto createan HTA of this form, the HTA constructoris in-
vokedwith thenumberof desirediles perdimensionFor example,

C(1:2,3:65—
C{2,1{1,2}(1,2) or
| > C{2,1}(1,4) or

C{2,1}~_|

Figure 3. Accessinghe contentsof HTAs.

hta(3,3) createanHTA with3 3 emptytiles. To completethe
HTA, eachtile mustbe assigned contentafterthe emptyshellis
created.

Thetiles of anHTA canbe local or distributed acrossproces-
sors.To maptiles to processorsthe topology of the meshof pro-
cessorandthe type of distribution (block, cyclic, block cyclic, or
a userde®neddistribution) mustbe provided. Figure 2-(b) shavs
anexamplewherea6 6 matrixis distributedona2 2 mesh
of processorsThe lastparametepf the HTA constructoispeci®es
the processotopology In our currentimplementationthe default
distribution is a cyclic distribution of the tiles on the mesh,which
correspondgo a block cyclic [3] distribution of the matrix con-
tainedin the HTA, with the blocksde®nedby the topmostievel of
tiling.

Notice that, althoughnot illustrated here due to spacelimita-
tions, HTAs can be built with several levels of tiling, like those
shawvn in Figurel.

2.3 Accessinghe Componentsof an HTA

Figure3 shavs examplesof how to accesHTA componentsThe
expressionf 2,1 g refersto thelower left tile. The scalarelement
in the ®fth row and fourth columncanbe referencedas C(5,4)
justasif Cwerean unpartitionedarray This elementcanalsobe
accessedbly selectingheleaftile thatcontainst andits relative po-
sitionwithin thistile: &f 2,1 gf 1,2 g(1,2) . A third expressiorrep-
resentingC(5,4) selectghetop-leveltile & 2,1 g thatcontainghe
elementandthen attens or disregardsits internaltiled structure:
2,19(1,4) . RegionssuchasC(1:2,3:6) canalsobeaccessed
usingparenthesiso disregardthetiling of the HTA. The resultof
suchexpressiongdo not keepthe tiled structureof the HTA, that
is, C(1:2,3:6) will simplyreturna plain standard2 4 matrix.
If the HTA Cis distributed,this outputmatrix is a replicatedocal
objectthatappearsn all the processorsFlatteningis particularly
usefulwhentransformingaconventionalprogramontoatiled form
for locality/parallelismor both. During the intermediatestepsof
thetransformationregionsof the programcanremainunmodi®ed
andarraysaccessea@sif they werenot partitionedwhile in other
regions,thearraysaremanipulatedy tiles.

Setsof componentsnay be choserat ary level andalongeach
dimensiorusingtripletsof theform begin:stepend The: notation
canbe usedin ary index to refer to the whole rangeof possible
valuesfor thatindex. For example,F2,: g(1:2:4,:)  refersto
theoddrows of thetwo lower outerlevel tiles of C

We canalsousebooleanarraysas HTA subscriptsWhenthis
logical indexing is appliedevery true elementin the booleanarray
usedas a subscriptdesignatesa tile of the HTA basedon the
position of the true elements.As illustratedin Figure 4 logical
indexing allowstheselectiorof arbitrary bandedliagonalor upper
triangulartiles of anHTA.

2.4 Assignmentsand Binary Operations

We generalizethe notion of conformability of Fortran 90. When
two HTAs are usedin an expressionthey mustbe conformable.
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Figure4. Logicalindexing in HTA.

V{2:3,:}(1,:)=
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Figure 5. Assignmentof all the elementsn the lastrow of each
oneof thetiles locatedin the rows of tiles 1 and2 to the ®rst row
of thecorrespondingilesin therows of tiles 2 and3.

Thatis, they musthave the sametopology (humberof levels and
shapeof eachlevel), andthe correspondindiles in the topology
musthave sizesthat allow the operationto act on them. The op-
erationis executedtile by tile, andthe outputHTA hasthe same
topologyastheoperands.

Also, an HTA andan untiled array are conformablewhenthe
array is conformablewith eachof the leaf tiles of the HTA. An
HTA anda scalararealwaysconformable Whenan untiled array
is operatedvith anHTA, eachleaftile of theHTA is operatedvith
thearray Also, whenoneof theoperandss a scalarit is operated
with eachscalarcomponeniof the HTA. Again, the outputHTA
hasthe sametopologyastheinput HTA.

Assignmentsto HTAs must follow similar rules to those of
binary operatorsWhena scalaris assignedo arangeof positions
within anHTA, thescalaiis replicatedn all of them.Whenanarray
is assignedo arangeof tiles of anHTA, thearrayis replicatedto
createtiles. Finally, anHTA canbeassignedo anotheHTA (or a
rangeof tiles of it).

Referencesto local HTAs do not involve communication.
However, in distributed HTAs assignmentdbetweentiles which
are in different processorsinvolve communication.Considera
3 3 distributed HTA, V. The assignmentf 2:3,: g(1,:) =
VE1:2,: g(5,)) copiesall the elementsin the ®fth row in the
two ®rstrows of tiles to the®rstrow in thetilesin thetwo lastrows
of tiles as shawn in Figure5. Whenthe tiles of V aredistributed
acrosgrocessorghis assignmeninvolvescommunication.

2.5 Other HTA Methods

We have overloadedfrequently-usedunctionson arrayssuchas
circshift , transpose , permute, or repmat, as well as the
standardarithmetic operatorsso that when appliedto HTAs they
operateat the tile level. For example,the MATLAB function
circshift  implementscircular shifts for arrays.The overloaded
HTA version shifts insteadwhole tiles of HTAs, which involves
interprocessocommunicatiorwhenthe HTAs aredistributed.
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Figure6. Permuteanddpermute.
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Figure 7. DataPermutatiorin FFT.(a)-Pictorialview.(b)-code

We have alsoimplementednethodspnly applicableto the HTA
class,thatwe have foundto be usefulin mary parallelprograms.
Thesearemethoddike reduceHTAwhich is a generalizededuc-
tion methodthatoperate®on HTA tiles, andparHTAwhich applies
in parallelthe samefunctionto eachtile of anHTA.

3. HTA operations

In this Section,we usecodeexamplesto illustrate how the HTA
assignmentandmethodsmentionedn the previoussectioncanbe
usedto write parallel programsThe examplesare simplekernels
andtheNAS parallelbenchmark§2], whichweimplementedising
MATLAB extensionsWe classifythemethodsaseithercommuni-
cationoperationr globalcomputations.

3.1 Communication Operations

In HTA programscommunications representedsassignmenten

distributed HTAs asshavn in the examplein Figure5. However,

in HTA programs,communicationscan also be expressedusing
methodssuchas permute, circshift  andrepmat. We discuss
themin thenext Sections.

3.1.1 Permute Operations

Figure6 shavs two examplesof permute operationsFigure6-(b)
shavstheHTA thatresultsafterapplyingtheoverloadedVATLAB
transpose or permute operatorto the HTA in Figure6-(a). Fig-
ure 6-(c) shavs the HTA thatresultsafter applyinga nev method
calleddpermute, which is a specialcaseof a permutationopera-
tion whereonly the dataaretransposedbut the shapeof the con-
tainingHTA remainghe sameThatis, the numberof tiles in each
dimensionremainsconstant.Thus, as shavn in Figure 6-(c), af-
ter the dpermute operatorthe datahave beentransposedhut the
resultingHTA containsl ~ 3tiles, asin Figure6-(a).

The dpermute operatoris appliedin the NAS FT, andoperates
on a 3-D array (A) which is partitionedinto tiles which are dis-
tributedalongthe Z dimensionasshavn in Figure7-(a). To com-
putethe Fourier Transform(FT) alongthe Z dimensionwe needto
bringtheblocksfrom thedistributeddimensiorto theundistrituted
onessothatthe FT canbe locally applied.Figure 7-(b) shavs an
outlineof theNAS FT. TheFT alongthe®rstandseconddlimension
of anHTA is computedisingtheoverloadedersionof thestandard
MATLAB fft operatowhichappliesthestandardATLAB fft



function C = cannon(A,B,C)

for i=2:m
A{i,:} = circshift(A{i,}, [0, -(i-1)];
B{:,i} = circshift(B{.,i}, [-(i-1), 0));
end
for k=1.m-1
C=C+ A* B;

A = circshift(A, [0, -1];
B = circshift(B, [-1, Q]
end

Figure 8. Cannons algorithmusingHTAs.

function C = matmul (A, B, C)
if (level(A) ==0)
C=C+ A* B;
else
for i=1:size(A,1)
for k=1:size(A,2)
for j=1:size(B,2)
C{i, j} = matmul(A{i,k},
end
end
end
end

Blkj},  Clih;

Figure 9. Recursie matrix-matrix multiplication that exploits
cachédocality.

to eachof the tiles of the HTA alongthe dimensionspeci®edin
the third parameterTo apply the fft alongthe third dimension,
we needto male this dimensionlocal to a processorfor that, we
transposehe HTA usingthe HTA dpermute operatorexplained
above. Notice thatwhenprogrammingwith HTAs it is possibleto
determinewherecommunicatioroccursif the distribution of tiles
acrosgheprocessorss known.

3.1.2 Circular Shift

Thecommunicatiorpatternof thecircularshift (circshift ) oper
atorappearsn Cannonsalgorithm[7], whichis shavnin Figure8.
HereAandBarem m HTASs tiled alongboth dimensionsand
mappedntoameshof n  n processorsTo implementCannons
algorithm,the®rstloop shiftscircularly thetilesin AandBto place
themin theappropriatgposition.To thisend,tilesin row i of Aare
circularly shiftedi-1 timesto theleft. Similarly, tilesin columni of
B arecircularly shiftedup i-1 times.In eachiterationof the main
loop, eachsener executesa local matrix-matrix multiplication of
the tiles of A and B which eachprocessoowns. The resultis ac-
cumulatednto alocalftile of theresultingHTA, C Thentiles of A
andB arecircularly shiftedonce.Tiles of A are circularly shifted
to the left, andtiles of B are circularly shifted up. At the end of
themainloop, theresultof the matrix multiplicationis theHTA C
which s distributedacrossprocessorsvith the samemappingof A
andB. A moreconventionalimplementatiorof Cannons algorithm
will shift rows of matrix Aandcolumnsof the matricesBinsteadof
shifting tilesandthemultiplicationwill beelementy elementnot
a matrix-matrixmultiplication of tiles asin our HTA implementa-
tion. (The MATLAB * operatorhasbeenoverloadedsuchthat it
performsatile-by-tile matrix multiplication). Themainadwantages
of thetiled approachis aggrgationof datainto atile for commu-
nicationandthe increasedocality resultingfrom a single matrix-
matrix multiplication over the elementby elementmultiplication.
We canfurtherincreasecachelocality by usingHTAs with two or
more levels of tiling. Thus,the tiled matrix-matrix multiplication

function C = summaA, B, C)
for k=1:m
T1 = repmat(A{:, k}, 1, m);
T2 = repmat(B{k, :}, m, 1);
C=C+T1* T2
end

Figure 10. SUMMA Matrix Multiplication usingHTAs.

matmul of Figure9 canbe appliedto eachpair of corresponding
tiles by writing C = parHTA (@matmul, A, B, C) in the Can-
non's algorithmof Figure 8. By usingparHTA(discussedn Sec-
tion 3.2), the matmul functionis appliedin parallelto all thetiles
of HTAs A BandC In Figure9 thelevel(A) functionwill return
O0whenAis eitherascalaror amatrix.If Ais notascalaror amatrix
we have to recursvely proceeddown into the HTA hierarchyuntil
we reachtheleaftile of theHTA. Thefunctionsize(H,i) returns
the numberof tiles of anHTA H alongthei-th dimension Notice
that the implementationof Cannons algorithmthat usesmatmul
works correctly regardlessof the numberof levels of tiles in the
hierarchy

3.1.3 Repmat

Anotherimportanttype of communicatioris replication(repmat)

whichappearsn the SUMMA Matrix algorithm[13] showvn in Fig-

ure 10. This algorithmis basedon the outerproductversionof the
matrix multiplication. In SUMMA, the resultC of the multiplica-

tion of the matricesA andB is computedasthe additionof Cwith

theouterproductof columnk of Aandrow k of B, for eachpossible
value of k. In our implementationmatricesA andB aretiled and
distributedonetile perprocessoacrossatwo-dimensionaproces-
sormesh.Thecolumnof tiles Af : ,k g is replicatedon all columns
of processorandthe row of tiles Bfk,: g is replicatedalongall

rows of processorsThisreplicationis achiezedwith anoverloaded
versionof therepmat vectoroperator

3.1.4 Logical Indexing

A more comple patternof communicationappearsin parallel
wavefront computationsThis type of computationgesultsfrom
the parallelizationof codeswvherethe valueof anelementdepends
onthevalueor valuesof neighborselementsomputedn previous
iterations.Thesecodescan be ef®ciently parallelizedby comput-
ing in parallelthe elementof eachdiagonalof the matrix, where
theangleof thediagonalis afunctionof thedependence3hepro-
cessorcomputelocal databeforesendingthemto the processors
containingthedependendata Wavefrontcomputationganalsobe
parallelizedin atiled fashion,andfor thatwe usedlogical index-
ing. Figure11-(a)shavs a Fortrancodewith a 2D wavefrontcom-
putation.Thetiled HTA versionis shavn in Figure11-(c), where
logical indexing is usedto determinethe tiles that canoperatein
eachiterationof thek loop. Thosetiles wherethe condition (x+y
== k) is truewill locally computethe 2D wavefrontcomputation.
A pictorial view of how the computationadvancesacrosstiles is
shavn in Figure 11-(b), wherethe valuesof the x andy matrices
arealsoshavn. In theFigure,Aisam n HTA, distributedon a
m 1processomeshsothatrows of tilesaremappedo thesame
processorThe lasttwo statementsn Figure 11-(c) copy the last
row andcolumnof tiles that ®nishedthe computationin iteration
k to the®rst row andcolumnof thetiles thataregoingto startthe
computationin theiterationk + 1. A parallelwavefrontsimilar to
theoneshavn in Figurell appearsn theLU NAS code.



for i=2:m-1
for j=2:n-1 for k:g:m+p
Adi))= A(i-1,)) + for i=2:dimx-1
A(ij-1); for j=2:dimy-1
A{x+y == ki, j) = A{x+y == k}(i-1, j) +
e Alx+y == ki, j-1);
end end
1111 1234 end
x=12222y= (1234 Alxty == k+1 & x>1)(1, ) = Afx+y == k & x<m}(dimx-1,’);
3333 1234 Afxty == k+1 & y>1}(;, 1) = Af{x+y == k & y<n}(;, dimy-1);
end
@ (b) ©

Figure 11. 2-D wavefrontcomputation.(aJrortrancode.(b) Pictorialview. (c) HTA codeusinglogical indexing.

3.1.5 Redistribution

A different patternof communicationappearsin a type of sci-
enti®c applicationsthat use Adaptve Mesh Re®nementwherea
portion of the meshneedsto be re-distrituted acrossthe proces-
sors. Redistritution can be done by selectingthe sectionof the
array underlyingthe HTA and specifyinga new distribution: A
= hta(H(x1:x2, y1l:y2), fpartition vectors g, [m n]),
whereHTA Hcontainstheregion (x1:x2, yl:y2) , thatwe want
to redistrikute. The region of interestis selected®rst, thena stan-
dard non-partitionedmatrix is generatedThis matrix is, in turn,
partitionedusingthe appropriatepartition vectors,in orderto dis-
tributetheresultingtiesonam  n processomesh.

3.2 Global Computations

The simplestform of global computationis achiezed by operating
in parallelonasetof tilesfrom anHTA distributedacrossaparallel
machine This canbeaccomplisheavith parHTA(@func, H) that
appliesthefunctionfunc . In MATLAB @funcrepresentapointer
to function func . Many global computationgake the form of re-
ductionoperationsvheretheoperatoicanbesum maxor auserde-
®nedfunction.Theseoperationganbeexpressedn HTA programs
with thereduceHTAmethod Figure12 shavs amatrix-vectormul-
tiplication wherethe reduceHTAmethodis applied.Ais an HTA
containingthe matrix MXwhichis distributedacrossn  n proces-
sorsandtiled asspeci®edy partition _ A Bis atwo-dimensional
HTA obtainedby replicatingthe hta VV which containsthe vector
VXto multiply. TheHTA Vis replicatedmtimesasspeci®edoy the
operatorepmat(V,m,1) . SinceVis adistributedHTA replication
takesplacealongtheverticaldimensiorof theprocessomeshThe
matrix-vector multiplication A * B takes place locally and each
processomultiplies its portion of the matrix A by its portion of
the vectorin B. Notice thatthe row vector B hasbeen®rst trans-
posedwithin eachprocessotby parHTA(@transpose,B) into a
column. After the multiplication, a reductionalongthe rows (the
seconddimensiomasspeci®edn the 3rd parameteof reduceHTA
will generategheresultingHTA Cwhich consistsof a columnvec-
tor distributedacrossthe m rows of our m  n meshandrepli-
catedalongits n columnsof processorsThis vectoris replicated
because¢hereduceHTAoperatowasinvoked with thelastparam-
etersetto true , which indicatesthatit is an all-to-all reduction.
The core computationof NAS CGbenchmarkis a sparsematrix-
vectormultiplication. Notice that the codeis highly simpli®ed by
the overloadingof arrayoperatorsothatthey alsoapplyto sparse
arrays.

4. Two Implementations

We have developedimplementationsof the HTA classfor two
sequentialanguagesMATLAB and C++. We have alsoimple-
mentedan extensionof the X10 parallel languagedevelopedby
IBM in which HTAs replacedistributed arrays.We implemented

hta(MX, {partition_A},
hta(VX, {partition_B},
repmat(V, m, 1)

parHTA(@tranpose, B)
reduceHTA('sum', A * B, 2, true);

[m n]);
[m n]);

Omw<>
o

Figure12. HTA codefor matrix-vectormultiplication

HTAs as a classusing the OO capabilitiesof eachof thesetwo
languagesAlthougha singleimplementatiorcould be usedacross
languageswe decidedto develop a differentimplementatiorfor
eachone of theselanguagesnainly becauseur ®rst implementa-
tion, developedfor MATLAB , demonstratedhat, for mary com-
putationsit is dif®cult to obtainreasonabl@bsoluteperformance.
To avoid the inef®cienciesof MATLAB , we reimplementedhe
library in C++ and X10. To obtainthe syntaxof HTA shawvn in
theprevioussectionsyve appliedthe operatoroverloadingcapabil-
itiesof MATLAB . Sofar, we have nottakenadwantageof operator
overloadingin our C++ implementatiorand, asa result, the cur
rent notationis someavhat verbose but this will be ®xed. Below,
we brie y discusshe MATLAB andC++implementations.

4.1 MATLAB

The purposeof our ®rst implementationon MATLAB was to
demonstrate¢hat a corventionalsequentialanguagecould be eas-
ily extendedfor parallelcomputatiorusingHTAs. MATLAB was
anaturalchoicefor this experimentbecausef its arraysyntaxand
OO0 capabilities.We found that MATLAB 's syntaxfor cell array
accessegjeneralizedwith triplet notationand extendedto allow
operationdetweencomponentswascornvenientto represenHTA
accesseandthereforewe adoptedt. HTAs wereimplementedas
a MATLAB toolbox programmedn both C and MATLAB with
invocationsto MPI primitives.The MATLAB toolbox mechanism
proved adequatdo implementwith reasonablef®cieng/ andnat-
ural syntaxall needeHTA operationsxceptfor theforall array
operationHowever, we wereableto developanelegantimplemen-
tationof all the codeswe studiedwithoutforall .

Our ®rst MATLAB implementationof HTAs followed the
client/senermodelin whichthemainthreadis executedonawork-
stationandHTAs arestoredand manipulatedn a distributedsys-
temthatoperatesasa co-processordlthoughthis approactfacili-
tatesprogramunderstandingif requirestoo muchcommunication
betweertheworkstationandthe processorin thebackgroundchar
allelmachineWedecidedo changeheimplementatiorio follow a
SPMD executionmodelalthoughthe programmerouldstill think
in termsof theclient-serer modelto understandhe functionalbe-
havior of the program(but, of coursenotto analyzeperformance).
This wasachie/ed by executingthe programon all processorand
replicating on each processorscalar variables,arrays,and non-
distributed HTAs. All processorsedundantlyexecutethe compu-



Nprocs EP(CLASSC) FT (CLASSB) CG(CLASSC) MG (CLASSB) LU (CLASSB)
Fortran+ | Matlab+ Fortran+ | Matlab+ Fortran+ | Matlab+ Fortran+ | Matlab+ Fortran+ | Matlab+

MPI HTA MPI HTA MPI HTA MPI HTA MPI HTA
1 901.6 3556.9 136.8 657.4 3606.9 3812.0 26.9 828.0 15.7 245.1
4 273.1 888.8 109.1 274.0 362.0 1750.9 17.0 273.8 6.3 60.5
8 136.3 447.0 65.5 159.3 123.4 823.6 9.6 151.3 2.9 29.9
16 68.6 224.8 37.2 87.2 89.5 375.2 4.8 87.0 1.2 16.0
32 34.7 112.0 20.7 42.9 48.4 250.3 3.3 54.9 1.1 9.8
64 17.1 56.7 10.4 24.0 445 148.0 1.6 50.4 1.3 7.1
128 8.5 29.1 5.9 15.6 30.8 123.0 1.4 38.5 1.6 N/A

Table 1. Executiontimesin seconddor someof the applicationsin the NAS benchmarkgor Fortran+MPIversusMATLAB +HTA. The
executiontime for 1 processocorrespondso the serialapplicationin Fortranor MATLAB , without MPI or HTAs.

tation notinvolving distributedHTA operationsSinceall dataare
replicated,the behaior in eachprocessoiis exactly the sameas
whatwould bethe behaior of the client exceptthatno communi-
cationis necessaryo usedatafrom the mainthreadin operations
on distributed HTAs. On invocationof a methodon a distributed
HTA, eachprocessomappliesthe correspondingpperationto the
tiles of theHTA it owns.

Theincorporationof HTAs in MATLAB producedanexplicitly
parallelprogrammingextensionof MATLAB thatintegratesseam-
lesslywith thelanguageMost otherparallelMATLAB extensions
eithermale useof extraneougrimitives (MultiMATLAB [24]) or
do notallow explicit parallelprogrammingMatlab*P[17]). Also,
theincorporationof HTA givesMATLAB a mechanisnto access
andoperateontiles muchmorepowerful thanthatprovidedby their
native cell arrays . The main disadwantageof the implementa-
tion is thattheimmenseoverheadf theinterpretedVIATLAB lim-
its the ef®cieng/ of mary applications.The threemain sourcesof
this overheadare:

Excessivereationoftempoary variables MATLAB createsem-
porariesto hold the partial resultsof expression,which signi®-
cantlyslows down the programs.

Frequentreplication of data. MATLAB passesparametershy
valueandassignmenstatementseplicatethedata,and

Interpretationof instructions.Theoverheadesultingfrom thein-
terpretationof instructionsis more pronouncedvhenthe compu-
tationreliesmainly on scalaroperations.

Table 1 presentshe executiontime for Fortran+MPland our
MATLAB +HTA implementationsof most of the NAS bench-
marks.The table shawvs the executiontimesin secondsvhenthe
applicationexecuteon aclusterof up-to128processor€achpro-
cessolis a 3.2 GHz Intel Xeonconnectedhrougha GigabitEther
net. For the NAS benchmarksve usedthe version3.1, and com-
piled themwith the INTEL ifort compiler version8.1, and ag
-03. For MATLAB we usedthe version7.0.1(R14). Finally, for
MPI we usedMPI-LAM [6].

The executiontime for 1 processorcorrespondgo the serial
executionof the pure Fortranor MATLAB codewithout MPI or
HTAs. Resultsin Table 1 correspondo the classC input for EP
andCG, andclassB for MG, FT andLU.

As canbeseenin thetable,in thecaseof EPandFT theparallel
MATLAB codetakesadwantageof parallelismleadingto execution
timesthatare of the samemagnitudeasthoseof the Fortran+MPI
code.In the caseof CG our parallel MATLAB doesreasonably
well, althoughnot as well as the Fortran+MPI version that ob-
tainssuperlinearspeedupsvhenthe numberof processorss 64 or
smaller However, for MG andLU the performanceof the sequen-
tial MATLAB implementationvasslon and,in the caseof MG,

the parallel MATLAB doesnot improve upon the serial Fortran
version.Similarly, for BT (notshavn) theserialMATLAB version
runssoslow that, eventhe parallelversionis not comparablevith
its sequentiaFotrancounterpartOverall,for ER FT andCG where
thesequentiaMATLAB versionruns1 to 5 timesslowver thanthe
Fortran version,the parallel MATLAB implementationdoesrea-
sonablywell improving uponthe serial Fortranversion.In these
casesit couldbe saidthatparallelismat leastcompensatefor the
interpretationoverhead For 128 processorshe parallelMATLAB
obtainsspeedupsf 30.9,8.8 and29.3 over the sequentiaFortran
counterparfor ER, FT andCG, respectiely.

42 C++

In the C++ implementation,HTAS are representedas compos-
ite objectswith methodsto operateon both distributed and non-
distributed HTAs. As in the caseof MATLAB , MPI is used
for communicationand, while the programmingmodelis single
threaded HTA C++ programsexecutein SPMD form. To facil-
itate programming,our C++ implementationenforcesan alloca-
tion/deallocatiorpolicy throughreferencecountingasfollows: (1)
HTAs are allocatedthrough factory methodson the heap. The
methodsreturn a handlewhich is assignedo a (stackallocated)
variable.(2) All accesse$o the HTA occurthroughthis handle,
which itself is small in sizeandtypically passeddy value across
procedureboundaries(3) Onceall handlesto an HTA disappear
from thestack,theHTA andits relatedstructuresareautomatically
deletedfrom memory This designpermits sharingof sub-trees
amongHTAs andalsoprecludesieallocatiorerrors.Moreover, the
temporaryarraysthat are for instancecreatedduring the partial
evaluationof expressionsarehandledhroughthis mechanisnand
deletedautomaticallyasearlyaspossible.

Performances oneof the main goalsof our C++ implementa-
tion. Methodswere optimizedand wheneer possiblespecialized
for speci®ccasesAlso, the useris given control over the memory
layoutof non-distritutedHTASs. In MATLAB thelayoutwasin the
handsof the systemandthe userhadno way of in uencing it. Fi-
nally, to enableef®cientaccesto scalarcomponent®f HTAs, the
implementationvasorganizedo guaranteghathot methodswvere
inlined. This last stratgly enabledthe codeswritten using the li-
braryto have performancesimilarto thatof traditional(non-HTAS)
implementations-or example thecodein Figurel3representthe
multiplicationof two two-dimensionaérraysrecursvely tiled. The
codeis similarto the MATLAB codeshavn Figure8.

The codein Figure 13 shaws the declarationof the HTAs A B,
andC The functionalloc is the factory methodthat createshe
HTAs. It takes asinput the completetiling information for each
HTA, numberof tiles in eachdimension(xtiles,ytiles) , tile
size (tile _size x, tile _size _y), and memorylayout (ROW,
COLUMNDMI TILE). Thefunctionmult is recursve. Whentheinput



typedef Tuple<2> T;

HTA<double, 2, 1> A, B,C;

A =HTA<double, 2, 1>:alloc((T(xtiles, ytiles),
T(tile_sz_x.tile_sz_y)),ROW) ;

B =HTA<double, 2, 1>:alloc((T(xtiles, ytiles),
T(tile_sz_x.tile_sz_y)),ROW) ;

C =HTA<double, 2, 1>:alloc((T(xtiles, ytiles),
T(tile_sz_x.tile_sz_y)),ROW) ;

template <int LEVEL>void mult(
HTA<double, 2, LEVEL>A,
HTA<double, 2, LEVEL>B,
HTA<double, 2, LEVEL>C) {
int M= A.shape()[0].size();
int N = B.shape()[0].size();
int Q = B.shape()[1].size();

for (int i =0; i< M;i++) {
for (int k =0; k <N; k++) {
for (int j =0; j< Q; j++)
W mult (A[TGK)],  B[T(k)L  CITGDD;

}

void mult(double& A,double& B,double& C)
{

}

C+=A* B;

Figure 13. Recursve matrix multiplicationin C++ usingHTASs

template <> void mult(
HTA<double, 2, 0> A,
HTA<double, 2, 0> B,
HTA<double, 2, 0> C){
int M= A.shape()[0].size();
int N = B.shape()[0].size();
int Q = B.shape()[1].size();
for (int i =0; i< M;i++) {
for (int k =0; k <N; k++) {
for (int j =0; j< Q; j++)
W CITANI+=AT (BT (K.)I;

Figure 14. Specializatiorof mult for LeafHTAs

HTAs have 1 or more levels the generalmult functionis called.
Whenthe recursionreacheshe scalars®nally, the function mult
for scalards called.

It is possibleto specializemult andterminatetherecursionata
differentlevel. For examplein Figurel4,therecursiorendsatlevel
0. At this point, an optimizedlibrary generateccodecanalsobe
usedto performthe matrix-matrixmultiplication. For example,in
Figure15the mini-MMM codegeneratedby ATLAS [25] is used.
The mini-MMM codeis optimizedfor matrix-matrix multiplica-
tion of smallermatricesthat ®ts into the cache.lt bene®tsfrom
optimizationslike registerlevel tiling, unrolling and prefetching.
In all the ®gures,T(i, j) representshe subscriptpair (i, j) .
Thecodeof Figure13- 15 canbetunedfor practicallyary memory
hierarchycon®guration.This can be accomplishedvith minimal
modi®cationgo the sourcecode by changinghe numberof levels
andsizesof thetilesin theHTA constructar

template <> void mult(
HTA<double, 2, 0> A,
HTA<double, 2, 0> B,
HTA<double, 2, 0> C){
ATL_Mini_ MMM(AB, C);
}

Figure 15. Specializatiorwith a call to awrapperfunctionthatin
turn callsthemini-MMM codegeneratedy ATLAS.
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Table 3. Characterizatioof parallelprogrammingnfrastructures

To give anindicationof the overheadof our currentC++imple-
mentationwe shaw in Table2 theperformanceesultsin MFLOPs
for matrix-matrix multiplication (MMM). Resultsare shavn for
differentmatrix sizesandsix differentversionsandve implemen-
tationof MMM with 3 nestedoops(Nave 3 loops), atiled ver
sionwith 6 loops(Tiled 6 loops), our HTA matmulimplemen-
tationin Figure 13HTAnave ), an HTA matmulimplementation
wherethe MMM codefor level 0 hasbeenimplementedisingthe
mini-MMM codegeneratedy ATLAS [25] (HTA+ATLASATLAS
andthe INTEL MKLUibrary [1]. For ATLAS we usedthe MMM
codewith the parametewvaluesthat ATLAS found to be optimal
for tile size,andregisterblocking parametersamongothers.No-
tice thatSSEmultimediaextensionsverenotusedfor HTA+ATLAS
Forthetiledimplementationgall exceptNave 3 loops ) weused
asquardile of 36 36, whichis thevaluethatwe foundto bethe
optimalfor the machinewherewe ranthe experimentganINTEL
Pentium4 with 3.0 Gzand8KB in L1). For Nave 3 loops and
Tiled 6 loops we shawv resultsusingthe gcc compiler version
3.2.3.For the HTA implementationsve usedg++, version3.2.3,
sinceour HTA implementatiorhasbeendonein C++. For ATLAS
we usedtheversion3.6.0andfor theINTEL MKL library we used
the version8.0. Notice thatINTEL MKL runsfasterthanthe oth-
ersbecauset usesINTEL SSE2vector extensionswhile all the
otherversionsusescalarcode.As canbe seenby comparingthe
HTA+ATLAS with the ATLAS column, the overheadintroduced
in our currentimplementationby onelevel of HTA is between8
and13:5%.

5. HTAs and Other Parallel Programming
Infrastructur es

In this section,we comparethe HTA approachwith someof the
otherparallelprogrammingnfrastructuresTable3 present@a sum-
maryof themaincharacteristicef theprogrammingnfrastructures
discussedn this section.The ®rst column classi®eghe program-
ming infrastructureaccordingto the type of implementation(1)
libraries containingoperationsthat represencommunicatiorand



[[ Matrix Size ][ Nave3loops | Tiled6loops [ HTA nave | HTA+ATLAS [ ATLAS [ IntelMKL(1) ||

504 161 657 675 2069 2387 3624
1008 150 649 679 2192 2384 3762
2016 133 632 675 2216 2492 3821
3024 135 644 668 2245 2509 3716
4032 36 588 613 2217 2519 3752

Table 2. Performancén MFLOPSfor differentversionsof matrix-matrixmultiplication. (1) MKL usesSSE2vectorextension.

datasharingon programswvheretherestof theoperationarerepre-
sentedn conventional,sequentiatonstructand(2) programming
languageconstructor directivesdesignedo represenparallelism
implicitly or explicitly. Thesecondcolumnclassi®egheinfrastruc-
turesaccordingo theaddresspaceseerby eachcomponenof the
parallelprogram Exceptfor themessage-passitigprary approach,
wherea threadof executionis only allowed to referencedatalo-
catedin the nodewhereit is running (local view), all other pro-
grammingmodelsallow the threadsto accesdatalocatedin ary
node(globalview). Thethird columndistinguishesetweerthose
approachesvherethe operationsof eachindividual threadmust
be speci®edseparatelymultiple-threadeadr MT) andthosewhich
provide a single-threadedST) view of the computation\We now
comparehelibrary andlanguageapproachem threeseparatsub-
sections:discussinghe HTA approachptherlibrary approaches,
andthelanguagesxtensionapproach.

5.1 TheHTA library

As we have seenin Section4, the HTA classcan be integrated
in a very naturalway in different languageshanksto operator
overloadingandthepolymorphicfeaturef currentOO languages.
Thus, the resultingprogramstendto be morereadablehanthose
basedon conventionallibraries.As mentionedn the introduction,
the mostimportantcharacteristichatdistinguishedHTAs from all
other approachess the consideratiorof the tile andits possible
hierarchicaldecompositioras ®rst-classconceptsThis makesthe
HTAs ideal to designand write programsthat can be naturally
expressedn termsof blocks (e.g.. several matrix multiplication
algorithms-Cannon[7], Summa[13]-, solverssuchasLU, etc.)
or which can be solved recursvely (e.g., FT). Such blocks can
be usedto achieve parallelismor datalocality or both, possibly
usingseverallevelsof tiling for differentpurposesWith HTAs it is
easyto adjustthe point whererecursve computationsendandthe
iterative solutionsstartby changingthe numberof levelsof tiling.

As shawvn in Table 3, HTA and POOMA [23] are the only
library-basedpproachethatprovide a globalview of thedataand
follow a singlethreadegrogrammingapproachThis combination
helpsprogrammersproductvity in at leasttwo ways. First, pro-
grammerganusefamiliar sequentiaprogrammindanguagesand
reusesequentiamodules perhapswith small changesTherefore,
programmersanwrite parallel programspracticallyin the same
way they write sequentiaprograms.Second the single-threaded
semanticsof HTAs easesthe transition from sequentialto par
allel becausgrogrammerseednot be concernedwith the pro-
gram's behaior on a per processombasis,deadlocksrace condi-
tions, etc.,sinceparallelismandsynchronizatiorareimplicit. The
single-threadeg@ropertyalsoimprovesreadability Furthermorein
thecaseof HTA, attening enablegradualmigrationof sequential
applicationdo parallelform. Thiswastheapproactwe followedin
our translationof the NAS benchmark$rom sequentiaMATLAB
to the HTA-basedparallelversion.

A goodindicationof the bene®tof the single-threadedorm is
obtainedby comparinghenumberof linesof codeof theHTA with
thoseof MPI programsAlthoughthenumberof linesof codeis not
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Figure 16. Linecountof key sectionsof HTA andMPI programs.

thebestmetricto measureaseof programmingit cangivearough
estimateof programcompleity. The plot in Figure 16 shaws the
lines of codefor HTA and MPI codes.SinceMATLAB language
doesnot have declarationsye ignoredthoselines from the FOR-
TRAN/MPI codesaswell. Eachbarshavs thelinesof codefor the
computation,communicationand datadecompositiorsectionsof
the codes Thedifferencein the numberof lines of computationis
notrelevantto ourdiscussiorheresinceit is dueto thecharacteris-
tics of the MATLAB languageespeciallythe availability of vector
operationsHowever, the othertwo numbersare goodindications
of easenf programmingandclearly shav theadwantageof HTAs.
Thus,the lines of codefor communicatiorare signi®cantlylower
in HTA programs.The reasonis that HTA programsonly need
assignmeninstructionsto performcommunicationyhile in MPI
programsijn additionto the sendandreceve instructions packing
andunpackingdataandcheckingboundaryconditionsin the com-
municationarealsoneededHTA programsalsohave signi®cantly
fewer datadecompositiorinstructions.HTAs are partitionedand
distributedusingthe singleHTA constructorwhile MPI programs
needto computethelimits of dataownedby eachprocessgmeigh-
borsof agivenprocessqractive setof processorin a given stepof
theprogram etc.

A downside of the single-threadedapproachis that asyn-
chronousoverlapis not easyto expressexplicitly. However, much
of this overlapcanbe achieved automaticallywith the appropriate
implementation.

A valuablepropertyof aprogrammingapproachs theability to
corvey to the programmershe costof the executionof their code.
Thisis particularlytruein thecaseof parallelervironmentswhere
communicatiortostscaneasilydominateheexecutiontime. HTAs
arefaithful to this idea:the statementshatrequiredatacommuni-
cationareclearlyidenti®edin the codeeitherbecausef theusage



of differentindexesin thetiles, or becausef theinvocationof func-
tionsthatinvolve datacommunicatior{transpositiongircularshift,
etc.).

HTAs have also dravbacks. For example, just as the other
global-viev approacheg12], they only allow limited forms of
task-parallelismOtherlimitations are due to the implementation.
For example,our currentimplementatiorasa library forcesto use
dynamicanalysistechniguego determinehe communicatiorpat-
ternsrequiredwhen datais to be shufed amongprocessorsA
compiler could calculatestatically those patternswhen they are
regularenoughandgenerate codewith lessoverhead.

5.2 Other Library Approaches

The mostpopularparallelprogrammingapproachfor distributed-
memorysystemss the useof a messageassinglibrary suchas
MPI [15] or PVM [14]. In this approachthe programmeiasa lo-
calview of thedatastructureandmustwrite programghatexecute
in a SPMD fashion.The communicationand computationstate-
mentscan be interleaved in an unstructuredmanner potentially
leadingto programshataredif®cult to understané@ndmaintain.

Animprovementoverthisapproachs theusageof librariesthat,
while requiringSPMDprogrammingprovide theuserwith aglobal
view of the datastructuresThis is the caseof the Global Arrays
library [20] or the POET framework [4]. However, the SPMD
programminggstyle andthe requiremenbf explicit synchronization
complicategprogramming.

Otherlibrarieslike POOMA[23] integratetheirclassesn ahost
OO languageandexploit operatoroverloadingandpolymorphism
in orderto provide a globalview of the dataanda single-threaded
view of the computationasour HTA library. However, POOMA
differsin fundamentalvaysfrom ourapproachFor example while
POOMASs arrayscan be distributed in tiles, the library provides
no easymeansto explicitly referto thosetiles. Also, hierarchical
decompositionis not naturalto POOMASs arrays,while it is a
de®ningpropertyof HTAs.

5.3 Language/CompilerBasedApproaches

Severalinfrastructuresrebasedn new languagesvith constructs
to control concurreng anddistribution. As we canseein Table3,
all the language-basedpproachegprovide a global view of the
data, but they canbe classi®edin two groupsaccordingto their
view of thecontrol o w: Themultiple-threadedanguagedike Co-
Array Fortran(CAF) [21], Titanium[27],UPCJ[8] or X10[11]; and
singlethreadedorm like High Performancd-ortranHPF [16, 18]
andZPL [9]. All theseapproachegexceptHPF) sharea common
dravback:they force programmergo rewrite their applicationsin
parallelfrom scratchaneffort thatcanbeamelioratedy providing
interfaceswith codesandlibrarieswrittenin otherlanguages.

5.3.1 Multiple-thr eadedLanguages

The control model of mary language-baseihfrastructureds ex-
plicitly parallelSPMD in which programmersreresponsibleor
managingdatadistribution andlow-level synchronizationAn ad-
vantageof thesdanguagess thatthey aremuchmoresuitablethan
thesingle-threadedounterpartfor expressingaskparallelism.
Anothercommoncharacteristiof theselanguagess thatthey
provide a Partitioned Global AddressSpace(PGAS), in which
ary threadof execution can createobjectsthat can be accessed
by otherthreads And eachthreadand pieceof datais associated
with exactly one node of execution. They typically provide also
constructgo distinguishbetweenremoteandlocal accessesThis
helpsprogrammerseasoraboutthe costof their codes.

5.3.2 Single-ThreadedLanguages

In single-threadethnguagescommunicatiorandsynchronization
are no longer responsibilityof the programmerbut of the com-
piler. Programswritten in this modeltendto be shorterand eas-
ier to understanc&aind maintainthanthoseexpressedn local view
languageswhichincreaseprogrammersproductvity. The down-
sidesof thesdanguagesiretheirlimited ability to expressrregular
parallelismandtheresponsibilitythey puton compilertechnology
which may not be developedenoughto generateef®cient codesin
somesituations.

Differentstrat@ieshave beenstudiedto provide parallelcodes
with a global view of the algorithmsto execute.For example,
High PerformanceFortran (HPF) [16, 18] annotatessequential
Fortran codeswith directives that specify array distribution, loop
scheduling,etc. Thesedirectives are optional, and thereis little
informationabouthow the compilerwill translatethem.Thelack
of aclearperformancenodelmalesit dif®cult for programmerso
reasoraboutanalgorithm’s performance.[1P

Another approachis designa languagefrom scratch,which
is the caseof ZPL [9]. This languageis designedin order to
minimize the effort of the compiler Its syntaxallows to identify
the operationsthat generatecommunicationand their qualitatve
costin asimilarwayto our HTAs.

6. Conclusions

In this paperwe have introduced Hierarchically Tiled Arrays
(HTAs). Our experiencewith the implementationof the NAS
benchmarksind a few kernelsusingthis newv datatype indicates
thatHTAs arean effective device for the developmentof high per
formanceprogramghatarereadablegasyto developandmaintain.
During this studywe determinedhatwell-known arrayoperations
canbe overloadedto representommunicationand parallel com-
putationandthat, atleastfor the NAS benchmarks&ndthekernels
we consideredaresuf®cientto represenef®cientimplementation
of parallelalgorithmsandalgorithmswith a high degreeof local-
ity. We expect that the study reportedin this paperwill leadto
usefulportablelibrariesandprovide insightsusefulfor the further
developmentof vector constructsand vector languagesThis last
issueis particularlyimportantsincevector operationsare a pow-
erful mechanisnto expressparallelismin a structuredmannerfor
mary classe®f algorithms.

Acknowledgments

This work was supportedby the National Science Foundation
(NGS program)under Grant No. 0103610.Basilio Fraguelawas
partially supportedoy the Ministry of Educationand Scienceof
Spain, FEDER funds of the EuropeanUnion (Project TIN2004-
07797-C02-02)andthe GalicianGovernmentProjectPGIDIT03-
TIC10502PR).

References

[1] IntelMathKernelLibrary. http://wwwintel.com/cd/softare/product/amo-
na/eng/per ib/mkl/index.htm.

[2] NasParallelBenchmarksWebsite http://wwwnas.nasa.ggSoftware/NPB/

[3] High PerformanceFortran Forum. High PerformanceFortran
Speci cation\ersion2.0, Januaryl997.

[4] R. C. ArmstrongandA. Cheung. POET (Parallel Object-oriented
EnvironmentandToolkit) and Framevorks for Scienti®cDistributed
Computing. In Proc. of 30th Hawaii International Confeenceon
SystenBciencegHICSS1997) pages4-63,Maui, Hawai, 1997.

[5] G. H. Barnes,R. M. Brown, M. Kato, D. Kuck, D. Slotnick, and
R. Stokes. ThelLLIA C IV Computer.lEEE Trans, 8(17):746-757,
1968.



[6] G. Burns, R. Daoud,and J. Vaigl. LAM: An Open Cluster
Environmentfor MPI. In Proceeding®f SupecomputingSymposium
pages379-386,1994.

[7] L. Cannon. A Cellular Computerto Implementthe Kalman Filter
Algorithm PhDthesis,MontanaStateUniversity, 1969.

[8] W. CarlsonJ.DraperD. Culler, K. Yelick, E. Brooks,andK. Warren.
Introductionto UPC andLanguageSpeci®cation.TechnicalReport
CCS-TR-99-157|DA Centerfor ComputingSciences1999.

B. Chamberlains.Choi,E. Lewis, C. Lin, L. SynderandW. Weath-
ersby The Casefor High Level Parallel Programmingin ZPL.
IEEE ComputationalScienceand Engineering 5(3):76—86,July—
Septembel998.

[10] B. ChapmanP. Mehrotra,andH. P. Zima. ViennaFortranaFortran
LanguageExtensionfor Distributed Memory Multiprocessors.
Languaes, Compiles and Run-timeEnvironmentsfor Distributed
MemoryMachines pages39-62,1992.

[11] P. Charles,C. Donawa, K. Ebcioglu, C. Grothof, A. Kielstra,
C.vonPraun,V. Saraswt, andV. Sarkar X10: An Object-oriented
Approachto Non-uniform Cluster Computing. In Procs. of the
Conf on Object-OrientedProgramming Systemsl.anguaes, and
Applications(OOPSLA)- Onwad! Track, Oct2005.

[12] S.J.Deitz. RensvedHopefor DataParallelism:UnintegratedSupport
for TaskParallelismin ZPL. TechnicalReportUW-CSE-03-12-04,
University of WashingtonDec2003.

[13] R.A. V. D. GeijnandJ. Watts. SUMMA: ScalableUniversalMatrix
Multiplication Algorithm. Concurency: Practiceand Experience
9(4):255-274Apr 1997.

[14] A. Geist,A. Beguelin,J. DongarraW. Jiang,R. Manchek,andV. S.
SunderametPVM: Parallel Virtual Machine: A Users' Guideand
Tutorial for Networled Parallel Computing MIT Press1994.

[15] W. Gropp,E. Lusk,andA. Skjellum. UsingMPI (2nded.): Portable
Parallel Programmingwith the Messae-PassingInterface”. MIT
Press1999.

[16] S.HiranandaniK. KennedyandC.-W. Tseng.Compiling FortranD
for MIMD Distributed-memornpMachinesCommunACM, 35(8):66—
80,1992.

[17] P. Husbandsand C. Isbell. Matlab*p: A Tool for Interactve
Supercomputingln Procs.of theNinth SIAM Confeenceon Parallel
Processindor Scienti c Computing 1999.

[9

—

[18] C. Koelbeland P. Mehrotra. An Overviev of High Performance
Fortran. SIGPLANFortran Forum, 11(4):9-16,1992.

[19] T. A. Ngo. TheRoleof PerformanceModelsin Parallel Programming
andLanguajes PhD thesis,Departmenbf ComputerScienceand
EngineeringUniversity of Washington,1997.

[20] J. Nieplocha,R. J. Harrison,andR. J. Little®eld. Globalarrays:a
portableshared-memorprogrammingnodelfor distributedmemory
computers. In Supecomputing'94: Proc. of the 1994 Conf on
Supecomputing pages340—f., Los Alamitos,CA, USA, 1994.IEEE
ComputerSocietyPress.

[21] R. W. NumrichandJ. Reid. Co-arrayFortranfor Parallel Program-
ming. SIGPLANFortran Forum, 17(2):1-31,1998.

[22] D. Phamandet al. The Designand Implementationof a First-
generatiorCell Processorln Procs.of the IEEE Solid-StateCircuits
SymposiunFebruary2005.

[23] J. V. W. Reynders,P. J. Hinker, J. C. Cummings,S. R. Atlas,
S.BanerjeeW. F. Humphre, S.R. KarmesinK. Keahg, M. Srikant,
and M. D. Tholburn. POOMA: A Framevork for Scienti®c
Simulationsof Paralllel Architectures.In G. V. Wilson andP. Lu,
editors,Parallel Programmingin C++, pagess47-588MIT Press,
1996.

[24] A. E. TrefethenV. S. Menon,C. Chang,G. Czajlowski, C. Myers,
andL. N. Trefethen. MultiMATLAB: MATLAB on Multiple
ProcessorsTechnicalReportTR96-1586 May 1996.

[25] R. Whalgy, A. Petitet,and J. Dongarra. AutomatedEmpirical

Optimizationsof Sofware and the ATLAS Project. Parallel
Computing 27(1-2):3—-352001.

[26] M. E. Wolf andM. S.Lam. A DatalLocality Optimizing Algorithm.
In PLDI, pages30-44.ACM Press1991.

[27] K. A. Yelick, L. Semenzato. Pike, C. Miyamoto, B. Liblit,
A. KrishnamurthyP. N. Hil®nger, S.L. GrahamD. Gay, P. Colella,
andA. Aiken. Titanium: A High-Performanceasa Dialect. In
Workshopon Java for High-RerformanceNetwork Computing
February1998.



