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ABSTRACT

The computationakciencecommunityis reluctantto write large-
scale computationally-intense applicationsin Java due to con-
cernsover Java’s poor performancedespitethe claimedsoftware
engineeringadvantageof its object-orientedeatures.Naive Java
implementation®f numericalalgorithmscanperformpoorly com-
paredto correspondingrortranor C implementationsTo achiere
high performanceJava applicationsmust be designedwith good
performanceas a primary goal. This paperpresentshe object-
orienteddesignandimplementatiorof two real-world applications
from the field of ComputationaFluid Dynamics(CFD): a finite-
volumefluid flow solver (LAURA, from NASA Langley Research
Center),andanunstructuredneshadaptatioralgorithm(2D_TAG,
from NASA AmesResearclCenter).This work builds on our pre-
vious experiencewith the designof high-performancenumerical
librariesin Java. We examinethe performancef the applications
usingthe currentlyavailable Java infrastructureand shav thatthe
Java versionof the flow solver LAURA performsalmostwithin a
factorof 2 of the original proceduralersion. Our Java versionof
the meshadaptationalgorithm 2D_TAG performswithin a factor
of 1.5 of its original proceduralersionon certainplatforms. Our
resultsdemonstrat¢hat object-orientedsoftwaredesignprinciples
arenotnecessarilynimical to high performance.

1. INTRODUCTION

The Java programminglanguagehasmary featuresthat are at-
tractive for bothgeneral-purposandscientificcomputing.Among
themare: supportfor object-orientedonceptsuchasinheritance,
encapsulatiorandpolymorphisnthatallow theabstractiorof com-
mon physicalconceptsand the developmentof reusableclassli-
brariesfor them;thearchitecture-neutralitgf Jarabytecode which
enablesportability acrossmultiple platforms; garbagecollection,
which simplifiesmemorymanagemengndlanguage-ieel support
for multithreading which allows parallelapplicationso be devel-
opedmore easilyin Java. However, scientific programswritten
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in Java usuallyrun slower thancorrespondingprogramswritten in
Fortran and C, due eitherto the intrinsic overheadof thesefea-
turesor to therelative immaturity of currentJava Virtual Machine
(JVM) implementations.Becausehigh performances a primary
concernin computationakciencethatcommunityhasbeenreluc-
tantto adoptJava asthe languageof choicefor numericalapplica-
tions.

To demonstratéhe viability of high-performanceomputingin
Jaraandto encouragéts greateradoptionin thecomputationasci-
encecommunity several authorshave ported numericallibraries
to Java [1, 5, 19], written Fortran-to-Jsa translatorq8, 10], de-
velopedcompilationtechnologyfor Java [6, 7, 25], and written
classlibrariesto addressieficienciesn the Java languagefor nu-
merical computing[26]. Although thesestudiesdemonstratehe
potentialof Java for high-performance&omputing,several factors
limit their usefulnessn determiningwhetherlarge-scalescientific
applicationswritten in Java canachieve high performance.First,
numericalandclasslibrariesform only part of suchapplications.
Theonly previous portsof large-scalecodesto Java thatwe know
of area geophysicakimulationby Jacobet al. [20] anda parallel
multi-passendereby Yamauchetal.[31]. Second;line-by-line”
translationsof procedurakodeswritten in Fortranor C to Java do
not exploit object-orientedechniquespneof the mainadwantages
to programmingn Java.

Theprimarygoalof thework describedn thispaperis to demon-
stratethatrealisticscientificapplicationsanbewrittenin Javathat
male full useof thelanguages object-orientectapabilitiesandstill
shav goodperformancen currentstandards-conformingvM im-
plementations Secondangoalsinclude characterizinghe perfor
manceandidentifying thebottlenecksn differentJVM implemen-
tations,identifyingdesignprinciplesfor portablehigh-performance
object-orientedsoftware in Java, and making available additional
benchmarkdor the high-performancelasza community It is our
thesisthatin orderto achieve high performancewith suchappli-
cations,one mustconsciouslydesignfor performancen boththe
definitionandtheimplementatiorof the softwarecomponentshat
comprisethem.We choosewo real-world examplesfrom thefield
of ComputationaFluid Dynamics(CFD) for our study The first
exampleis the Langley AerothermodynamidJpwind Relaxation
Algorithm (LAURA) [9, 12], a finite-volume flow solver devel-
opedat NASA Langley ResearciCenterfor multiblock, structured
grids. LAURA hasbheenwidely usedto computehypersonicyis-
cous, reacting-gadlows over reentry vehiclessuchas the Shut-
tle Orbiter [14], the Mars Pathfinder[24], andthe X-33 Reusable
LaunchVehicle[15]. Thesecondexampleis the Two-Dimensional
TriangularAdaptive Grid (2D_TAG) code[27] developedat NASA
AmesResearclCenterfor adaptatiorof unstructureadneshesThis



Outflow

Freestream

Axis

Figurel: LAURA grid over a parabola (2-D).

codeis a simplified versionof a three-dimensionaheshadaption
algorithm[4] developedprimarily for helicopterflowfield simula-
tions. BothLAURA and2D_TAG arecurrentlyusedin government
andindustryandarewell-documented.

The remainderof the paperis organizedasfollows. Sections2
and 3 describethe algorithmsand data structuresof the original
versionsof LAURA and 2D_TAG and their object-orientedJava
implementations. Section4 presentgperformancaneasurements
of the two codeson several platforms. Section5 concludesand
presentplansfor futurework.

2. LAURA

LAURA 9, 12]is afinite-volume,shock-capturinglgorithmfor
the steady-statsolutionof inviscid or viscous hypersonidlows on
rectangularly-orderedtructuredyrids. It is writtenin Fortran,and
parallelimplementationgxist for vectorarchitecturesuchasthe
CrayC90[13] andfor machinedistributedacrossa network using
MPI [28]. Gaschemistryoptionsinclude perfectgas,equilibrium
air, andair in chemicalandthermalnonequilibrium.

2.1 Algorithm

LAURA solvesthe systemof partial differentialequationgyov-
erningfluid flow numericallyby first discretizingthe solutiondo-
main using a collection of blodks points and cells as shavn in
Figure 1. A block is definedasa rectangularcollection of cells.
Figure 1 shavs a single block. Becausehe grid is structured,a
multidimensionakrrayis the naturaldatastructureto usefor stor
age. Solutionvariableunknavns are assumedo lie at the center
of acell. Numericallyapproximatinghe physicallyrelevantfluxes
andstressesctingonthecell walls leadsto afinite-volumeformu-
lation of thegoverningconserationlaws. In LAURA, theupwind-
biasednviscidflux is constructedisingRoes flux-differencesplit-
ting [29] and Hartens entropy fix [16] with second-ordecorrec-
tionsbasedon Yees symmetrictotal-variation-diminishing(TVD)
schemd32].

To drive theresidualof thefinite-volumeapproximatiorscheme
to zerosimultaneoushatall thecellsof thedomain LAURA usesa
point-implicit relaxationstrateyy obtainedby treatingthevariables
atthelocal cell centerL atthe adwancediterationlevel andusing
the latestavailable datafrom neighboringcells. This governing
relaxationequationis

Mpiq,=rr (1)

whereM 1, is then x n point-implicit Jacobiang, is the vector
of consered variables,r, is thetheresidualvector andn is the
numberof unknawn variables. The value of n variesfrom 5 for
perfectgasflows to 15 for chemically-reactinglows with eleven
species.

The point-implicit stratgy has several implications compared
with othersolvers(e.g.,tridiagonal,conjugate-gradient)-irst, the
memoryrequirementarelower, which allows solutionsusingnon-
equilibrium chemistryto be obtainedover larger grids. This sa/-
ingsin memoryis tradedoff againstanincreasan the numberof
iterations(albeit fasteriterations)requiredto reachcorvergence.
Second iterationsacrossblocks do not have to be synchronized.
This allows for anefficient parallelimplementation.

Thealgorithmmaybe summarizedsfollows:

1. Sumthefluxesfor eachcell in thedomainto gettheresidual
TL.

2. Computehechangén conseredvariablesateachcell, éq;,,
by solvingequation(1) usingGaussiarelimination.

3. Updatethevectorof conseredvariablesq; ateachcell.

Thesestepsconstitutean iterationin which the solutionvariables
atall cellsin thedomainareintegratedto the next time level.

While the abore descriptioncaptureghebasicstepsin thealgo-
rithm, the original Fortranversionof LAURA containsadditional
gatherandscatterstepsateachiterationdesignedo take adwantage
of vectorarchitectures.At eachiteration, two-dimensionaklabs
of sizelMAX x JMAX arecopiedinto one-dimensionalemporary
arrays,the fluxesandvariablesof eachslabareupdatedandthen
thetemporaryaluesareputbackinto its original two-dimensional
slab This approachworks very well on vectorarchitecturesasit
createdarge vectorson which the vector processorganoperate.
However, the extraneouscopying hurts performanceon current,
RISC-basedrchitectureshat usecaches.To make a moreaccu-
ratemeasuref the relative performanceof the Java versionto the
original proceduralersion,we wrotea corresponding versionof
LAURA thateliminatestheunnecessargopying.

2.2 Java\Version

The object-orienteddesignof the Java versionof LAURA be-
ginswith recognizingthatthe variousgeometricabstractionsised
(e.g.,block,cell, cell face,andpoint) arecandidate$or encapsula-
tion. Thus,we modelthegrid with Block, Cell, CellFace andPoint
classesWe usethemultidimensionahrrayclasslibrary developed
at IBM [26] to managehe three-dimensionahrraysof geometric
objectscontainedn a block. We chosenot to usethe native Java
arraysof arraysbecausef theirinefficiengy. In addition,thearray
classlibrary from IBM containsmethodghatallow portionsof the
arrayto be accessedThesemethodsare convenientfor accessing
cellsandpointson aboundaryface for instance.

Another facetof object-orienteddesignis determiningwhich
component®f thesystemarelik ely to changeandisolatingthe ef-
fectsof theirchangedrom therestof thesystem Becausé. AURA
supportanultiple gaschemistryoptionsaswell asmultiple bound-
ary conditions,we wrote two abstractclassesGasPopertiesand
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Figure 2: Block classabstraction.
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Figure 3: Flowfield classabstraction.

BlodkFace to minimizethe effectsof addingnen chemistrymod-
els and boundaryconditionsto the software. The GasPoperties
classis subclassefbr eachparticularchemistrymodel. Currently
only the perfectgasmodelis supportedn the Java versionasit is
theonly gasmodelavailablein the versionof LAURA releasedo
usby NASA Langley ResearciCenter TheBlodkFaceclassis sub-
classedor eachof four differentboundaryconditions. Diagrams
shaving the geometryandflowfield classabstractiongregivenin
Figures2 and3. TheEquilAir andNonequilAirclassepicturedin
Figure3 arenotcurrentlyimplementedbut illustratehow subclass-
ing would be usedto extendthe abstractGasPopertiesclassin a
full-featuredversionof LAURA. Wherepossible,only references
to theabstracbaseclassesaremade.

2.2.1 DesignPatterns

Gammaet al. [11] define designpatternsas “descriptionsof
communicatingobjectsand classeghat are customizedto solve
a generaldesignproblemin a particularcontext.” Our Java code
usesthe Factory creationalpatternto managethe constructionof
the variousgeometricobjectsandthe Singletoncreationalpattern
to controlaccesgo atmosphericonstantsHowever, therearead-
ditional designpatternsthatwe did not use. The Iterators pattern
would beusefulin sweepingoverablock, butthemultidimensional
arraypackagewe usedoesnot containthem. The Strategy pattern
would be usefulin managingchangego the choiceof relaxation
algorithms. We did not useit in our versionbecausehe original
Fortranversionof LAURA supportonly onerelaxationalgorithm.

2.2.2 Multithreading

We addedmultithreadingby subdviding asingleblockinto mul-
tiple blocks and assigninga Java threadto eachsub-block. This
follows the domaindecompositiorstratgy usedto parallelizethe
original Fortranversionof LAURA for distributedmachineq28].
In this multithreadedrersion,two Blodk objectswill shareasingle

Edge
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Figure 4: An exampleof an unstructur ed mesh.

BlodkFaceobject. Conflictsmay occurif eachBlock triesto mod-
ify thesharedBlockFaceatthesametime. Java providesa monitor
locking mechanismwith the synchr oni zed keyword for per

forming mutualexclusionon an object. Useof synchr oni zed

for the appropriatemethodsds the safestapproactto handlingthis
block interface conflict in thatit preventsan inconsistentupdate
of the boundarycells and cell facesat the boundarybetweentwo

blocks. However, by usingthe point-implicit relaxationstrateyy,

blocks may be relaxed asynchronouslyBlocks do not needto be
keptin lock stepat the sameiterationlevel. For this algorithmic
reasonpur codedoesnotusethesynchr oni zed keyword.

3. 2D_TAG

2D_TAG [4, 27]is atwo-dimensionalunstructureaneshadapta-
tion schemehatlocally refinesand/orcoarsenshe computational
grid. It iswrittenin C andis asimplifiedversionof acorresponding
three-dimensionahlgorithm. Biswasand Stravn [4] describethe
detailsof thealgorithm. Oliker andBiswas[27] discussts perfor
manceunderdifferentparallelprocessingtrataies.

It is importantto note herethe differentrolesof a meshadap-
tation algorithmlike 2D_TAG anda flow solver like LAURA. A
meshadaptatiorcodeis a tool usedto supportthe flow solver by
concentratinghesolver'scomputatiorin regionsof interestsuchas
shocksandshearflows. During the computationof a steady-state
flow field, the meshis adaptednfrequently on the orderof once
every several hundredsolwer iterations. In this scenariothe mesh
adaptatiormay consumes% of the total runningtime. For time-
dependentalculationsthe meshis adaptednuchmorefrequently
andmay accountfor 30—-40%of the total computatiortime. Good
performancesf boththe solver andof the meshadaptatiorscheme
is thereforedesirable.

3.1 Algorithm

A meshis describedasa collectionof two-dimensionatriangu-
lar elementsasshavn in Figure4. The meshis unstructued in
thatthereis no logical orderingof an elementandits neighborsas
with the structuredgrids usedwith LAURA. The meshis locally
adapted Thisinvolvesaddingpointsto the existing grid in regions
where someuserspecifiederror indicator is high, and removing
pointsfrom regionswherethe indicatoris low. The adwantageof



Figure5: Triangular refinement.

this strateyy is thatrelatively few meshpointsneedto be addedor
deletedat eachrefinement/coarsenirgfep. A disadwantageis that
complicateddatastructuresandlogic arerequiredto keeptrack of
the meshobjects(e.g., vertices,edges elementsiandtheir neigh-
borsasthe objectsareaddedandremoved. Thealgorithminvolves
much“pointer chasing”leadingto irregularanddynamicdataac-
cesgpatterns.

Triangularelementsmay berefinedby bisectingoneor moreof
its edgesAn isotropic subdvision bisectsall threeof anelements
edgesto form four congruent‘child” triangles. An anisotiopic
subdvision bisectsone or two of the edgesto form two or three
child triangles. Figure 5 depictsthis processof triangle refine-
ment. Anisotropic subdvisions are requiredas a transitionfrom
isotropically-refineclementgo unrefinedelementsCoarsenings
theprocesof deletingchild edgesandelementsandrestoringtheir
parents.

The elementsand edgesof the meshare storedasforests,with
a tree for subsetsof elementsand edges. Using treessimplifies
the coarseningprocess.Rootsof treesin the forestcorrespondo
the original unrefinedelementsand edges. Eachlevel of a tree
in the forestcorrespondgo a level of refinement. Leaves of the
treesrepresentlementsand edgesat the maximum/level of re-
finement. Leaf elementsand edgesarethe only onesthat may be
refinedor coarsenedVerticesdo not have parentsor childrenand
soarestoredin anarrayor list.

Therefinementlgorithmmay be summarizedsfollows:

1. For eachleaf edgeof the meshthat meetsa specifiederror
criterion,markedgefor refinement.

2. Subdvide elementdasedon their edgeshataremarked for
refinement.

3. Add new vertices,edgesandelementgo themesh.

Thecoarseninglgorithmis similar. As describedthis meshadap-
tion algorithminvolvesmultiple passe®ver thelists of edgesand
elements.

3.2 Java Version

As in thecaseof LAURA, thedesignof the object-orientedava
versionof 2D_TAG beginswith modelingthegeometry Mesh Ver-
tex, Edge, and Elementclassesnodelthe differentmeshobjects.
Initially, we usedthe variousList implementationdrom the Jasa
Collectionspackagg30] to managethe lists of meshobjectsand
their neighbors. After seeingthat the initial performanceof this
versionwas poor, we realizedthat we did not needa general,re-
sizablelist in mostsituations(e.g.,therearealwaysthreeedgesn
atriangle). As aresult,we choseto usenative Java arraysor local
variableswherever possible.

EachElementand Edge object containsreferencedo its child
objectsaswell asto its parent. The variousrefinementandcoars-
eningerrortestsaredefinedassubclassesf a Predicateclass. To
simplify the traversalsover the edgesand elementsof the mesh

Property Value
Velocity 3000m/s
Density 0.001kgm®
Temperature 250K
Wall Temperature 500K

Table 1: Freesteamconditionsfor LAURA testcase.

duringtherefinementandcoarseningtepswe initially decidecto
usespecializedteratorclasse®r filters definedto returnonly those
objectsthatsatisfya Predicate(e.g.,elements a leaf, edgemeets
error criteria). As with the useof generallists, we recognizedhat
iteratorsarenot necessaryn our caseandchosenotto usethem.

3.2.1 Multithreading

We tried two approache# developinga multithreadedversion
of 2D_TAG. The first stratgy assignsgroupsof meshobjectsto
individual threadsandhandlesconflictsbetweernsharededgesand
verticesby making Edge and Vertex methodssynchr oni zed.
This putslocks on the sharedobjectsof the meshandmimicsthe
NO_COLOR stratgyy describedby Oliker and Biswas[27]. The
secondstratay first statically partitionsthe meshinto submeshes
usingthe meshpartitioningtool METIS [22]. Only the edgesand
verticesat partition boundariegequirelocking. This reduceshe
amountof synchronizatiorconsiderably For instance pnly 1% of
the edgesand6% of the verticesof our testmesharesharedwvhen
themeshis split into four partitions.

4. PERFORMANCE

We now compareand characterizethe sequentialand parallel
performanceof the object-orientedlava versionsof LAURA and
2D_TAG with their original proceduralersionswritten in Fortran
andC. Notethatwe have bothaFortrananda C versionof LAURA,
asmentionedn Section2.1. We usethe C versionasthe bench-
markfor our performanceomparisonshecausé doesnotcontain
theunnecessargopying of datapresenin the Fortranversion.Ex-
ecutiontimesfrom the Fortranversionareincludedfor complete-
ness.In this section,we describehetestcasespresenthe perfor
manceresultsfor several architecturesanddiscusshe reasondor
bothgoodandpoor performance.

4.1 TestCases

We usethe computationof three-dimensionalyiscous,perfect
gasflow over a paraboloidat 10 degreesangleof attackasa test
casefor LAURA. Theinitial flow field is setto thefreestreanton-
ditionslistedin Tablel and200iterationsarecomputedusingfirst-
orderaccurag. A varietyof grid sizesareusedrangingfrom 1000
cells (10x 10x 10) to 64,000cells (40x 40x 40). Figure6 shavs a
view of the 10x 10x 10 grid’s upperand lower symmetryplanes.
Thelargestof thesegrids, which containsonly 64,000cells, is still
relatively small comparedo CFD solutionsthat require millions
of cells. However, thesegrids can be thoughtof as constituting
a single block of a multiblock solutionand are a reasonableize
for computationon a workstationor PC. We alsotestedLAURA
using both single precision(32-bit) and double precision(64-bit)
floating point arithmeticas both versionsare usedin actualflow
simulations. Single precisionis usedfor inviscid flow computa-
tionswherethe meshis not highly refined,while doubleprecision
is typically usedfor viscousor reactinggasflows. As therewaslit-
tle differencein the runningtimesof the two versionswe present
only thesingleprecisionresults.



Figure 6: Side view of the 10x10x10 grid around the
paraboloid.

Mesh \ertices Triangles Edges
Initial 14,605 28,404 43,009
Levell | 26,189 59,000 88,991
Level2 | 62,926 156,498 235,331
Level 3 | 169,933 441,147 662,344
Level4 | 380,877 1,003,313 1,505,024
Level 5 | 488,574 1,291,834 1,935,619

Table 2: Progressionof grid sizesthr ough five levelsof adapta-
tion.

We usethe computationaimeshover anairfoil to testthe perfor
manceof 2D_TAG. This is the sametestcaseusedby Oliker and
Biswas[27]. For anactualflow simulationover an airfoil travel-
ing attransonidMlachnumbersshocksform on boththeupperand
lower surfacesof the airfoil. The meshis typically refinedin the
areacontainingthe shocksaswell asaroundthe stagnatiorpoint
locatedattheleadingedgeof theairfoil. Thisscenarids simulated
by geometricallyrefiningthemeshin theseregions. Theactualtest
caseconsistsof readingthe initial coarsemeshinto 2D_TAG and
proceedinghroughfive levels of refinement.Table2 givesthere-
sulting grid sizesat eachlevel of refinement. Note that the final
meshis morethan 40 timeslarger thanthe initial one. Figure7
shaws a close-upview of theinitial mesh.

4.2 Testing Environment

Table3 lists the platformsandJVMs we usedfor measuringper
formance All JVMswererunusingJust-In-Tme (JIT) compilation
andwith garbagecollectionenabled.All machinesvererelatively
unloadedat the time of eachtest, and seseral runs were madeat
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Figure 7: Close-upview of the initial mesharound the airf oil.

eachtest condition with the besttime recorded. The initial and
maximumheapsizeswere setusingthe - Xns and- Xnx options
to valueson the orderof 500 MB to discouragesxcessie garbage
collection. The typical variationin run timeswaslessthan1 sec-
ondfor runtimeson the orderof 60 secondsAll JVMs arefreely
available exceptfor Jalap@o [2, 7], aresearchlVM developedat
IBM T.J. WatsonResearctCenter Although the Jalap&o JVM
containsan optimizing JIT compiler it is not tunedfor scientific
codes. For instance jt doesnot performtraditional optimizations
for scientificcomputingsuchasloop unrolling. Jalap@éo alsohas
an adaptve compilerusingdynamicfeedback[3}thatmay recom-
pile methodsat differentoptimizationlevels duringthe courseof a
codes execution. We choseto useJalap@o’s optimizing compiler
insteadbecausé provideduswith morecontrolover optimization
options.

4.3 LAURA Results

Tables4 and5 give the performancef the single-precisionna-
tive andJava versionsof LAURA on the differentplatforms.Run-
ning timesare normalizedby the total numberof cells anditera-
tions. Thetimesarenormalizedto helpshav variationsin running
time with grid sizeandto helpdetermineunningtime for different
grid sizesanditerationcounts.Recallthatthe C versionof LAURA
(seeSection2.1) doesnot containthe copying to andfrom tempo-
rary work arraysthatis presenin the original Fortranversion.We
considerthe performanceof the C versionto be the benchmark
againstwhich the performancef the Java versionshouldbe com-
pared.

Several obsenationsregardingthe timing measurementarein
order

1. As shavn in Table 5, the performanceof the Java version
of LAURA is within a factor of 3 of the correspondingC
versionon the Sun Ultra and the Pentiumwhen using the
SunJVM and within a factor of 2.5 on the Pentiumwhen
usingthelBM JVM. ThefastesflavaversiononthePowverPC
with the Jalap@o JVM is still 3 timesslowverthanthe native
C version. The focusof the Jalap&o JVM researctproject
hasnot beenon optimizationof scientificcodesandfloating
pointcalculations.

2. Therelative performanceof the Java versionon the SGl is



SunUltra SGI Pentium PowerPC
Processor Sparc R12000 Pentiumill PoverPCRS64 11
ProcessoBpeed 300MHz 300MHz 700MHz 262MHz
Numberof CPUs 2 32 4 12
Memory 256 MB 16GB 1GB 8GB
OperatingSystem SunOS5.7 IRIX 6.5 RedHatLinux 6.2 AIX
JVM SunJDK 1.3.0-beta SGISDK1.2.2  SunJDK1.3.0 Jalap@o[2, 7]

SunJDK 1.2.1 IBM JDK 1.3
Fortran/CCompiler f77lcc fr7lcc g77/gcc xlc
SunWorkshop5.0  MIPSpro7.30 GCC2.96

Fortran/CCompilerSwitches -fast -Ofast -03 -04

Table 3: Machinesusedto test LAURA and 2D_TAG.

Machine JVM Grid Time (usec) Ratioto C version
SunUltra SunJDK 1.3.0-beta 10x10x10 215.6 3.51
20x20%x20 183.0 2.86

40x40x 40 182.8 2.63

SunJDK 1.2.2 10x10x10 185.2 3.01

20x20%x20 181.8 2.84

40x40x 40 183.6 2.65

SGI SGISDK 1.2.2 10x10x10 141.6 9.51
20x20%x20 151.3 10.02

40x40x 40 172.9 10.74

Pentium SunJDK 1.3.0 10x10x10 49.3 2.58
20x20%x20 55.8 2.83

40x40x 40 60.0 2.78

IBM JDK 1.3.0 10x10x10 394 2.06

20x20%x20 39.8 2.02

40x40x 40 44.0 2.04

PowverPC -00 32x32x32 201.1 4.24
-0l 154.0 3.25

-2 161.9 3.42

-2 -no_bounds_check 155.4 3.28

-2 -no_bounds_check -allow fma 143.9 3.04

-0l -no_bounds_check -allow fma 138.2 2.92

Table 5: Time per cell per iteration (usec)of Java version of LAURA on test platforms. Smaller numbers indicate higher perfor-

mance.

Machine Grid Time (usec)
Fortran C

SunUltra || 10x10x10 69.8 615
20x20x 20 86.6 64.1
40x40x40 89.8 69.4

SGI 10x10x10 25.7 14.9
20x20x 20 252 151
40x40x40 295 16.1

Pentium || 10x10x10 30.0 19.1
20x20x20 31.3 19.7
40x40x40 44.1 21.6
PowerPC || 32x32x 32 N/A  47.4

Table 4: Time per cell per iteration (usec)of native, single-
precisionversionsof LAURA on test platforms. Smaller num-
bersindicate higher performance.

poor Severalfactorsmay accountfor this. Oneis the obvi-
ousreasonthat the implementationof the JVM on the SGI
maybepoor. Theotherreasoris thatthe FortranandC com-
pilerson the SGI may be muchbetterthanthe JIT compiler
usedby the JVM and betterable to take advantageof the
underlyingarchitecture.

3. Thetime spentcopying datato andfrom temporaryarraysin

the original Fortranversionis significant,asseenin the dif-
ferencebetweenthe performanceof the C and Fortranver-
sionsin Table4.

4. Two desiredchangedo the Javalanguagehatarefrequently

mentioneduy thescientificcommunityaretheremoval of ar
ray boundschecksandtheability to usedfusedmultiply-add
(FMA) instructions[21]. With the Jalap&o JVM [2, 7] on
the PowerPC,we canexplore the effects of theseproposed
languagechange®n the performanceof LAURA. Compar
ing the resultswith - al | ow_f nma turnedon andoff shaws
thatallowing FMA instructionsreduceghe runningtime by
7%. Determiningtheeffectof removing arrayboundschecks



JVM Grid IBM [26] Colt[18] Native
Java

SunJDK 1.3.0 || 10x10x10 49.3 51.6 51.7
20x20x 20 55.8 57.5 58.0

40x40x40 60.0 64.9 64.7

IBM JDK 1.3.0 || 10x10x10 39.4 394 39.5
20%x20x20 39.8 40.0 40.2

40x40x 40 44.0 45.8 46.2

Table 6: Time per cell per iteration (usec) of LAURA-Java us-
ing differentarray packageson Pentium.

is moredifficult in thatmary of thearrayboundschecksmay
have alreadybeenremored by the - O1 and- Q2 optimiza-
tion levels. Becausea run with the- G0 - no- bounds-
checks optionswasnot made,we hesitateto drav defini-
tive conclusiongrom thedataexceptto saythatarraybounds
checks(differencebetween Q2 and- Q2 - no- bounds-
checks times)accountfor atleast4% of thetotal running
time.

4.3.1 ArrayPadkages

We next examinethe effect of the multidimensionakrray pack-
ageontheperformancef LAURA. Table6 liststheperformancef
severalversionsof LAURA onthe Pentium,eachusinga different
arraypackageo managehecollectionsof geometrimbjectsfound
in ablock. Theperformancef LAURA usingnative Java arraysis
alsolisted. The corventionalwisdomis thatnative Java arraysare
inefficient dueto the arrayboundscheckingthat Java requiresand
the possiblelack of datalocality of the Java “array of arrays”[26].
While this statements certainlytrue,it mustbeevaluatedn terms
of theactualapplication.Unlike mary otherCFD applicationsywe
arenotusingmultidimensionahrraysin LAURA to storeprimitive
floating-pointvaluessuchaspressureyelocity, anddensity norare
we usingarraysto performmatrix factorizationor multiplication.
In the caseof LAURA, we are using multidimensionalarraysas
containersof Cell, CellFace andPoint objectswhichin turn store
the primitive data.Most of therunningtime is spentin gettingthis
datafrom memoryto theregistersandthenexecutingfloatingpoint
operationswith them. Thetime spentin get andset operations
in the variousarray packagess smallin comparison. Therefore,
the choiceof array packageshaslittle impacton the performance
of LAURA.

4.3.2 MultithreadedPerformance

Figure8 shavsthemultiprocessospeedupf the Java versionof
LAURA onthe4-processoPentiummachineandthe 12-processor
PoverPCmachine.As mentionedn Section2.2.2 our Jasa ver
sionof LAURA doesnotusesynchr oni zed methodglueto the
asynchronouselaxationallowed by the point-implicit relaxation
stratgy. With only minimal modificationsto the code,we areable
to achieve nearideal speedupsingthe Jalapéo JVM onthe Pow-
erPCandamodestspeedumpf around3 onthe4-processoPentium
machine.

4.4 2D_TAG Results

Tables7 and8 list the performanceof the C and Java versions
of 2D_TAG on the variousarchitectures.The “Startup” time rep-
resentghe time spentreadingin the original meshandallocating
andinitializing relevant datastructures.The “Adapt” time repre-
sentsthe time spentin refining the mesh. The total runningtime
of aversionis thesumof thesetimes. The “Adapt Time Ratio” for
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Figure 8: Speedupof LAURA-Java on 4-processorPentium
and on 12-processorPowerPC with Jalapeno. The grids used
are 24x24x 24 (Pentium) and 32x32x 32 (PowerPC).

Machine || Startup Adapt
(seq (seq

SunUltra* 1.60 4.01
SGI 0.77 7.89
Pentium 0.58 3.75
PaverPC 1.94 7.17

Table 7: Running times of C version of 2D_TAG for five levels
of refinement. Note that the grid is refinedonly threetimes on
the Sun Ultra dueto memory constraints.

a Java versionis the ratio of its adaptatiortime to the adaptation
time of the original C version. Smallervaluesof this ratio indicate
betterperformancef the Jasacode. The“GC” timerepresentthe
time spentin garbagecollectionby the Jasa versions,asindicated
by the - ver bosegc flag. Dueto memoryconstraintsthe ini-
tial meshis refinedonly threetimes on the Sun Ultra insteadof
five. We testedthreeJava versions:a proceduralersionobtained
by a“line-by-line” translationof the original C version;anobject-
oriented(O-0O) versionasdescribedn Section3.2 thatusesJava
arraysto storeElement Edge, andVertex objects;andan O-O ver-
sionthatuseslinked lists to storethe collectionsof meshobjects.
Using linked lists avoids arrayboundschecksandalso avoids the
needto preallocatethe storagefor the final refinedmesh.Because
the original C versionaswell asthe otherJava versionsusearrays
for storagethey requirethe final meshsizeto be specifiedat run
time. The differencein performancebetweenthe three Jasa ver-
sionsgives an imperfectindication of the performance‘cost” of
writing object-orienteatode.

Generally the Java versionsperform quite well, with the O-O
versionsrunningwithin 6% of the performanceof native codeon
the PaverPCusingthe Jalap&o JVM andwithin 33% on the Pen-
tium with the IBM JVM. In fact, the O-O versionsactually out-
performthe Java proceduralersiononthe PaverPC,SGI,andSun
Ultra. Examiningthe hardwarecounteronthe SGlusingper f ex
shavs anincreaseadiumberof TranslatiorLookasideBuffer (TLB)
missesin the proceduralersion. We conjecturethatthe O-O ver
siondoesa betterjob of achieving locality in the TLB by encapsu-
lating datain the Vertex, Edge, andElementclasses.

One of the main differencesbetweenthe proceduraland O-O



Machine JVM \ersion Startup Adapt GC AdaptTime
(sed (sed (se9 Ratio
SunUltra* SunJDK 1.3.0-beta Procedural 226 9.68 0.80 2.41
O-O(Array) 0.87 886 5.29 2.21
O-O(List) 1.03 1049 6.99 2.62
SGI SGISDK 1.2.2 Procedural 221 2442 0.00 3.10
O-O (Array) 0.96 15.12 0.00 1.92
O-O(List) 0.97 13.80 0.00 1.75
Pentium SunJDK 1.3.0 Procedural 1.07 595 0.18 1.59
O-O(Array) 0.52 17.66 12.50 471
O-O(List) 0.61 19.22 14.34 5.13
IBM JDK 1.3.0 Procedural 126 4.44 0.00 1.18
O-O(Array) 041 5.09 0.00 1.36
O-O(List) 0.43 499 0.00 1.33
PowverPC -2 Procedural 6.11 12.37 0.00 1.73
-2 -no_bounds_check 5.26  9.97 0.00 1.39
-0 O-O (Array) 0.80 7.87 0.00 1.10
-0l -no_bounds_check 079 7.82 0.00 1.09
-0 O-O (List) 0.87 7.63 0.00 1.06
-0l -no_bounds_check 085 7.60 0.00 1.06

Table 8: Running times of Java versionsof 2D_TAG for five levelsof refinement.Note that the grid is refinedonly thr eetimes on the

Sun Ultra due to memory constraints.

versionsis the numberandgranularityof objects. The procedural
versionlies at oneextremein thatthereis only oneobject,namely
a Meshobjectthatencapsulateall of the original meshadaptation
algorithmandits datastructures. The O-O version,on the other
hand,is composedf a Meshobjectcontainingcollectionsof indi-
vidual Vertex, Edge, andElementobjects.Referringto Table2, we
obsere thatrefiningthetestmeshfive timesresultsin the creation
of almost4 million objects. The original C versionpre-allocates
the requiredamountof storageby using a usersuppliedoveral-
locationfactorthat specifiesthe expectedsize of the final refined
meshrelative to theoriginal mesh,andceasesperationshouldthis
factorbefoundto betoo small. The Java proceduralersionmim-
ics this behaior, allocatingmultiple sucharraysof primitive (i.e.,
non-object)typesthat are not subjectto garbagecollection. The
0-0 versionusesthis factorto pre-allocatean arrayof objectref-
erencesbut allocateghe actualobjectsasneededAs thetestcase
performsonly meshrefinementnoneof the objectscreatedareac-
tually destroeed during programexecution.

Looking at the garbagecollection (GC) timesfor the SunJVM
in Table8 shavs theimpactof this large numberof small objects
on performance.The GC time accountsfor over half of the ex-
ecutiontime of the O-O versionwhile the GC time usedby the
proceduralersionis negligible. NotethatGCis largely unproduc-
tive in freeing heapstorage,sinceno objectsare ever destrgyed.
If the GC time could be avoided (aswas possiblein earlier JVM
versionswith the - noasyncgc command-lineswitch), the ac-
tual time spentrefining the meshwould be quite similar between
the procedurabnd O-0O versions.Interestinglyenoughno time is
spentin GC whenusingthe otherJVMs (asreportedby usingthe
-ver bosegc flag).

The startuptime for the O-O versionis actuallysmallerthanthe
startuptime for the original C version.This relatesto the overallo-
cationfactordiscussedbore. The original C versionnal | oc’s
thesemaximum-sizedarraysand initializes only the portions of
thesearrayscorrespondingdo the original mesh. The Jasa proce-
dural versionmimicsthis behaior, but is forcedby Javalanguage
semanticgo initialize the entirearraywith the appropriatedefault

values.The O-O versionconstructonly the arrayof referenceso
thefully refinedmeshandthe geometricobjectscorrespondindo
the original mesh.However, thisis a zero-sungame,andthe cost
of constructingherestof thegeometricobjectsin the O-O version
is accountedor in theadapttime.

Thelargenumberof objectscanbe avoidedby encapsulatinthe
lists of vertices,edgesandelementsnto VertexList, EdgeList and
ElementListtlassesn which theindividual fields from the Vertex,
Edge, and Elementclassesare eachgroupedinto their own array
We did not try this technique asit limits codereuseand extend-
ability andwould not be consideredjoodobject-orientedractice.
However, it doesrepresentan intermediateversion betweenour
procedurabnd O-0O versionsandwould mostcertainlyreduceGC
time.

As statedin Section3.2, we initially tried an O-O versionthat
usedArrayList objectsfrom the Jasa Collectionsframevork [30]
to manageour lists of geometricobjects.We thenusediteratorsto
traversethelists. Althoughnot shavn here this versionperformed
quitepoorly onthePentium.Quantifyingtheinefficienciesrequires
furtherstudy but two factorsprobablycontritute: thepenasive use
of interfacegwhich complicateslynamicmethoddispatchjandthe
obligatoryconversionsto andfromthej ava. | ang. Cbj ect su-
perclass.We notethatprevious researcherfl7, 23] alsodescribe
inefficient performancef several of the Java libraries.

4.4.1 MultithreadedPerformance

Figure9 shavs themultiprocessospeedupf the O-O Java ver-
sion of 2D_TAG on the 12-processoPaverPCmachinewith the
Jalap&oJVM. “Locks” refersto theuseof synchr oni zed meth-
odsin theEdge andVertex classeso preventconflictsamongedges
andverticesthat are sharedby multiple threads.As might be ex-
pected this stratgy performspoorly andlittle, if ary, speedugs
realized.In fact,for 8 and12 threadstherunningtimesareworse
thanthesinglethreadtime. The next strateyy, “Static Partitioning”,
partitionsthe globalmeshinto submeshewith METIS[22] andas-
signsa threadto work on eachsubmesh.Locks arethenrequired
for only those edgesand verticeson partition boundaries. The
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Figure 9: Speedupof 2D_TAG on 12-processorPowerPC with
Jalapeno.

staticpartitioningtime is 0.20secon the PanverPCwhich is small
comparedo the startupandadaptatiortimesof 2D_TAG (seeTa-
ble 8) andis notincludedin thetotal runningtime whencomputing
speedupThespeedupsingthis stratey is only slightly betterthan
with usinglocks,reachingamaximumspeedupf 1.54whenusing
12 threads.The poorperformances not dueto excessve synchro-
nizationbut dueto loadimbalance Becauseve areonly partition-
ing once thecomputationaloadbecomesncreasinglyimbalanced
with eachlevel of refinement.The solutionis to repartitionthere-
finedmeshateachstep.To simulatemorefavorableloadbalancing,
we ran2D_TAG using“Static Partitioningwith RandomMarking”.
Edgesaremarked for refinementrandomlyandnot accordingto a
error criteria. The submeshesemainapproximatelythe samesize
during thefive levels of refinementandthis factaccountdor the
improved speedupwhich reachest.71whenusing12 threads.In-
cludingrepartitioningtimeswould increasethe runningtimesand
reducethesemeasuredpeedupsomevhat. Thisis not arealistic
scenariohut in theabsencef repartitioning,doesdemonstrat¢he
parallelperformancef the multithreadedlava versionof 2D_TAG
on similarly-sizedsubmeshes.

5. CONCLUSIONS AND FUTURE WORK

We have describedthe design,implementation,and evaluation
of object-oriented100% Pure” Java codesfor two representatie
CFD applicationsthat differ radicallyin their characteristicsThe
flow solver LAURA is structured)argely static,andfloating-point
intensive. Themeshadaptatioralgorithm2D_TAG is unstructured,
very dynamic,fine-grainedandlimited by the speedf objectma-
nipulation. We have demonstratedhat LAURA'S runningtime is
almostwithin afactorof 2 and2D_TAG'’s is within a factorof 1.5
of theiroptimizednative, proceduratounterpartsisingcurrentoff-
the-shelfJava compilersand JVM technology We feel that this
level of performancds extremely promisingandis susceptibleo
furtherimprovementasJava technologymatures.

Performanceshouldof coursebe consideredn the larger con-
text of the softwaredesigncycle. In both codes the Java versions
aresmallerin sizethanthe original versions:5300lines of Jasato
14500linesof Fortranfor LAURA, and1300linesof Javato 1900
lines of C for 2D_TAG. In addition, the Java versionsare much
more modularand hierarchicallystructured. The Jasa versionof
LAURA contains49 classeorganizedin a three-deepnheritance

hierarchywhile the O-O versionof 2D_TAG containseightclasses
in a two-deephierarchy Suchmodularizationmalesit easierto
extendthe functionality of the code,e.g.,to add differentbound-
ary conditions,gaschemistryoptions,or relaxationalgorithmsin
LAURA. Programmerproductivity also needsto be considered.
TheJavaversionsof bothcodeswveredesignedandimplementedn
18 monthshy a single programmemith minimal Java experience
at the beginning of the effort. The original versions,by contrast,
representary person-yearsf effort.

Theperformancef thecodesndicategshecomplex designtrade-
offs in JVM implementationsindhighlightsseveralaspectsf JVM
behaior that shouldbe investigatedfurther for high-performance
Java. First, the usercan control garbagecollection activity only
in very indirectways, suchas by specifyingtheinitial and maxi-
mumheapsizes.Thewide variety of GC algorithms their different
performancecharacteristicsandthe black-boxnatureof this com-
ponentof the JVM, male this level of userinteractioninadequate
for high-performancepplications. Greateruserinteractionwith
the garbagecollector within the constraintsof the Java platform
needto be investigated.Second the performanceof multithread-
ing varieswidely amongplatforms,and needsto be improved to
scaleto large numbersof threads.

Regardingfuture work, we planto implementa parallel, three-
dimensionalversionof the 2D_TAG codeaswell ascontinueour
experimentation.
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