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ABSTRACT
The computationalsciencecommunityis reluctantto write large-
scalecomputationally-intensive applicationsin Java due to con-
cernsover Java’s poor performance,despitethe claimedsoftware
engineeringadvantagesof its object-orientedfeatures.Naive Java
implementationsof numericalalgorithmscanperformpoorlycom-
paredto correspondingFortranor C implementations.To achieve
high performance,Java applicationsmustbe designedwith good
performanceas a primary goal. This paperpresentsthe object-
orienteddesignandimplementationof two real-world applications
from the field of ComputationalFluid Dynamics(CFD): a finite-
volumefluid flow solver (LAURA, from NASA Langley Research
Center),andanunstructuredmeshadaptationalgorithm(2D TAG,
from NASA AmesResearchCenter).This work buildson our pre-
vious experiencewith the designof high-performancenumerical
librariesin Java. We examinetheperformanceof theapplications
usingthecurrentlyavailableJava infrastructureandshow that the
Java versionof the flow solver LAURA performsalmostwithin a
factorof 2 of theoriginal proceduralversion.Our Java versionof
the meshadaptationalgorithm2D TAG performswithin a factor
of 1.5 of its original proceduralversionon certainplatforms. Our
resultsdemonstratethatobject-orientedsoftwaredesignprinciples
arenotnecessarilyinimical to high performance.

1. INTRODUCTION
The Java programminglanguagehasmany featuresthat areat-

tractive for bothgeneral-purposeandscientificcomputing.Among
themare:supportfor object-orientedconceptssuchasinheritance,
encapsulation,andpolymorphismthatallow theabstractionof com-
mon physicalconceptsand the developmentof reusableclassli-
brariesfor them;thearchitecture-neutralityof Javabytecode,which
enablesportability acrossmultiple platforms;garbagecollection,
whichsimplifiesmemorymanagement;andlanguage-level support
for multithreading,which allows parallelapplicationsto bedevel-
�
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opedmore easily in Java. However, scientific programswritten
in Java usuallyrun slower thancorrespondingprogramswritten in
Fortran and C, due either to the intrinsic overheadof thesefea-
turesor to therelative immaturityof currentJava Virtual Machine
(JVM) implementations.Becausehigh performanceis a primary
concernin computationalscience,thatcommunityhasbeenreluc-
tantto adoptJava asthelanguageof choicefor numericalapplica-
tions.

To demonstratetheviability of high-performancecomputingin
Javaandto encourageits greateradoptionin thecomputationalsci-
encecommunity, several authorshave portednumericallibraries
to Java [1, 5, 19], written Fortran-to-Java translators[8, 10], de-
velopedcompilation technologyfor Java [6, 7, 25], and written
classlibrariesto addressdeficienciesin theJava languagefor nu-
merical computing[26]. Although thesestudiesdemonstratethe
potentialof Java for high-performancecomputing,several factors
limit their usefulnessin determiningwhetherlarge-scalescientific
applicationswritten in Java canachieve high performance.First,
numericalandclasslibraries form only part of suchapplications.
Theonly previousportsof large-scalecodesto Java thatwe know
of area geophysicalsimulationby Jacobet al. [20] anda parallel
multi-passrendererby Yamauchietal. [31]. Second,“line-by-line”
translationsof proceduralcodeswritten in Fortranor C to Java do
not exploit object-orientedtechniques,oneof themainadvantages
to programmingin Java.

Theprimarygoalof theworkdescribedin thispaperis todemon-
stratethatrealisticscientificapplicationscanbewrittenin Javathat
makefull useof thelanguage’sobject-orientedcapabilitiesandstill
show goodperformanceoncurrentstandards-conformingJVM im-
plementations.Secondarygoalsincludecharacterizingtheperfor-
manceandidentifying thebottlenecksin differentJVM implemen-
tations,identifyingdesignprinciplesfor portablehigh-performance
object-orientedsoftware in Java, andmakingavailableadditional
benchmarksfor the high-performanceJava community. It is our
thesisthat in order to achieve high performancewith suchappli-
cations,onemustconsciouslydesignfor performancein both the
definitionandtheimplementationof thesoftwarecomponentsthat
comprisethem.We choosetwo real-world examplesfrom thefield
of ComputationalFluid Dynamics(CFD) for our study. The first
example is the Langley AerothermodynamicUpwind Relaxation
Algorithm (LAURA) [9, 12], a finite-volume flow solver devel-
opedatNASA Langley ResearchCenterfor multiblock,structured
grids. LAURA hasbeenwidely usedto computehypersonic,vis-
cous, reacting-gasflows over reentryvehiclessuchas the Shut-
tle Orbiter [14], the Mars Pathfinder[24], andthe X-33 Reusable
LaunchVehicle[15]. Thesecondexampleis theTwo-Dimensional
TriangularAdaptiveGrid (2D TAG) code[27] developedatNASA
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Figure1: LAURA grid over a parabola (2-D).

AmesResearchCenterfor adaptationof unstructuredmeshes.This
codeis a simplified versionof a three-dimensionalmeshadaption
algorithm[4] developedprimarily for helicopterflowfield simula-
tions.BothLAURA and2D TAG arecurrentlyusedin government
andindustryandarewell-documented.

The remainderof the paperis organizedasfollows. Sections2
and 3 describethe algorithmsanddatastructuresof the original
versionsof LAURA and 2D TAG and their object-orientedJava
implementations.Section4 presentsperformancemeasurements
of the two codeson several platforms. Section5 concludesand
presentsplansfor futurework.

2. LAURA
LAURA [9, 12] is afinite-volume,shock-capturingalgorithmfor

thesteady-statesolutionof inviscidor viscous,hypersonicflowson
rectangularly-ordered,structuredgrids. It is written in Fortran,and
parallel implementationsexist for vectorarchitecturessuchasthe
CrayC90[13] andfor machinesdistributedacrossanetwork using
MPI [28]. Gaschemistryoptionsincludeperfectgas,equilibrium
air, andair in chemicalandthermalnonequilibrium.

2.1 Algorithm
LAURA solvesthesystemof partialdifferentialequationsgov-

erningfluid flow numericallyby first discretizingthe solutiondo-
main using a collection of blocks, points, and cells as shown in
Figure1. A block is definedasa rectangularcollectionof cells.
Figure1 shows a singleblock. Becausethe grid is structured,a
multidimensionalarrayis thenaturaldatastructureto usefor stor-
age. Solutionvariableunknowns areassumedto lie at the center
of acell. Numericallyapproximatingthephysicallyrelevantfluxes
andstressesactingonthecell walls leadsto afinite-volumeformu-
lationof thegoverningconservationlaws. In LAURA, theupwind-
biasedinviscidflux is constructedusingRoe’sflux-differencesplit-
ting [29] andHarten’s entropy fix [16] with second-ordercorrec-
tionsbasedon Yee’s symmetrictotal-variation-diminishing(TVD)

scheme[32].
To drive theresidualof thefinite-volumeapproximationscheme

to zerosimultaneouslyatall thecellsof thedomain,LAURA usesa
point-implicit relaxationstrategy obtainedby treatingthevariables
at the local cell center

�
at theadvancediterationlevel andusing

the latestavailable data from neighboringcells. This governing
relaxationequationis

������� �
	�� � (1)

where
���

is the 
���
 point-implicit Jacobian,
� � is thevector

of conserved variables,� � is the the residualvector, and 
 is the
numberof unknown variables. The value of 
 variesfrom 5 for
perfectgasflows to 15 for chemically-reactingflows with eleven
species.

The point-implicit strategy hasseveral implicationscompared
with othersolvers(e.g.,tridiagonal,conjugate-gradient).First, the
memoryrequirementsarelower, whichallowssolutionsusingnon-
equilibrium chemistryto be obtainedover larger grids. This sav-
ings in memoryis tradedoff againstan increasein thenumberof
iterations(albeit fasteriterations)requiredto reachconvergence.
Second,iterationsacrossblocksdo not have to be synchronized.
This allows for anefficientparallelimplementation.

Thealgorithmmaybesummarizedasfollows:

1. Sumthefluxesfor eachcell in thedomainto gettheresidual� � .

2. Computethechangein conservedvariablesateachcell,
��� � ,

by solvingequation(1) usingGaussianelimination.

3. Updatethevectorof conservedvariables
� � at eachcell.

Thesestepsconstitutean iterationin which the solutionvariables
at all cellsin thedomainareintegratedto thenext time level.

While theabove descriptioncapturesthebasicstepsin thealgo-
rithm, the original Fortranversionof LAURA containsadditional
gatherandscatterstepsateachiterationdesignedto takeadvantage
of vectorarchitectures.At eachiteration, two-dimensionalslabs
of sizeIMAX � JMAXarecopiedinto one-dimensionaltemporary
arrays,thefluxesandvariablesof eachslabareupdated,andthen
thetemporaryvaluesareputbackinto its original two-dimensional
slab. This approachworks very well on vectorarchitecturesasit
createslarge vectorson which the vectorprocessorscanoperate.
However, the extraneouscopying hurts performanceon current,
RISC-basedarchitecturesthat usecaches.To make a moreaccu-
ratemeasureof therelative performanceof theJava versionto the
originalproceduralversion,wewroteacorrespondingC versionof
LAURA thateliminatestheunnecessarycopying.

2.2 Java Version
The object-orienteddesignof the Java versionof LAURA be-

ginswith recognizingthat thevariousgeometricabstractionsused
(e.g.,block,cell, cell face,andpoint)arecandidatesfor encapsula-
tion. Thus,wemodelthegrid with Block, Cell, CellFace, andPoint
classes.We usethemultidimensionalarrayclasslibrary developed
at IBM [26] to managethe three-dimensionalarraysof geometric
objectscontainedin a block. We chosenot to usethenative Java
arraysof arraysbecauseof their inefficiency. In addition,thearray
classlibrary from IBM containsmethodsthatallow portionsof the
arrayto beaccessed.Thesemethodsareconvenientfor accessing
cellsandpointsona boundaryface,for instance.

Another facet of object-orienteddesignis determiningwhich
componentsof thesystemarelikely to changeandisolatingtheef-
fectsof theirchangesfrom therestof thesystem.BecauseLAURA



Block

BlockFace

Axis

CellFace

Freestream Outflow Wall

Cell

Figure2: Block classabstraction.
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Figure3: Flowfield classabstraction.

supportsmultiplegaschemistryoptionsaswell asmultiplebound-
ary conditions,we wrote two abstractclasses,GasPropertiesand
BlockFace, to minimizetheeffectsof addingnew chemistrymod-
els andboundaryconditionsto the software. The GasProperties
classis subclassedfor eachparticularchemistrymodel.Currently,
only theperfectgasmodelis supportedin theJava versionasit is
theonly gasmodelavailablein theversionof LAURA releasedto
usby NASA Langley ResearchCenter. TheBlockFaceclassis sub-
classedfor eachof four differentboundaryconditions. Diagrams
showing thegeometryandflowfield classabstractionsaregivenin
Figures2 and3. TheEquilAir andNonequilAirclassespicturedin
Figure3 arenotcurrentlyimplemented,but illustratehow subclass-
ing would be usedto extendthe abstractGasPropertiesclassin a
full-featuredversionof LAURA. Wherepossible,only references
to theabstractbaseclassesaremade.

2.2.1 DesignPatterns
Gammaet al. [11] define designpatternsas “descriptionsof

communicatingobjectsand classesthat are customizedto solve
a generaldesignproblemin a particularcontext.” Our Java code
usesthe Factory creationalpatternto managethe constructionof
the variousgeometricobjectsandthe Singletoncreationalpattern
to controlaccessto atmosphericconstants.However, therearead-
ditional designpatternsthatwe did not use. The Iterators pattern
wouldbeusefulin sweepingoverablock,but themultidimensional
arraypackagewe usedoesnot containthem. TheStrategy pattern
would be useful in managingchangesto the choiceof relaxation
algorithms. We did not useit in our versionbecausethe original
Fortranversionof LAURA supportsonly onerelaxationalgorithm.

2.2.2 Multithreading
Weaddedmultithreadingby subdividing asingleblockinto mul-

tiple blocksandassigninga Java threadto eachsub-block. This
follows thedomaindecompositionstrategy usedto parallelizethe
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Figure4: An exampleof an unstructur edmesh.

original Fortranversionof LAURA for distributedmachines[28].
In this multithreadedversion,two Block objectswill sharea single
BlockFaceobject. Conflictsmayoccurif eachBlock tries to mod-
ify thesharedBlockFaceat thesametime. Javaprovidesamonitor
locking mechanismwith the synchronized keyword for per-
forming mutualexclusionon anobject. Useof synchronized
for theappropriatemethodsis thesafestapproachto handlingthis
block interfaceconflict in that it preventsan inconsistentupdate
of the boundarycells andcell facesat the boundarybetweentwo
blocks. However, by using the point-implicit relaxationstrategy,
blocksmay be relaxed asynchronously. Blocks do not needto be
kept in lock stepat the sameiteration level. For this algorithmic
reason,our codedoesnotusethesynchronized keyword.

3. 2D TAG
2D TAG [4, 27] is atwo-dimensional,unstructuredmeshadapta-

tion schemethat locally refinesand/orcoarsensthecomputational
grid. It is writtenin C andis asimplifiedversionof acorresponding
three-dimensionalalgorithm. BiswasandStrawn [4] describethe
detailsof thealgorithm.Oliker andBiswas[27] discussits perfor-
manceunderdifferentparallelprocessingstrategies.

It is importantto noteherethe different rolesof a meshadap-
tation algorithm like 2D TAG anda flow solver like LAURA. A
meshadaptationcodeis a tool usedto supportthe flow solver by
concentratingthesolver’scomputationin regionsof interestsuchas
shocksandshearflows. During thecomputationof a steady-state
flow field, the meshis adaptedinfrequently, on the orderof once
every several hundredsolver iterations.In this scenario,themesh
adaptationmay consume5% of the total runningtime. For time-
dependentcalculations,themeshis adaptedmuchmorefrequently
andmayaccountfor 30–40%of thetotal computationtime. Good
performanceof boththesolver andof themeshadaptationscheme
is thereforedesirable.

3.1 Algorithm
A meshis describedasa collectionof two-dimensionaltriangu-

lar elements,asshown in Figure4. The meshis unstructured in
that thereis no logical orderingof anelementandits neighborsas
with the structuredgrids usedwith LAURA. The meshis locally
adapted. This involvesaddingpointsto theexistinggrid in regions
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Figure5: Triangular refinement.

wheresomeuser-specifiederror indicator is high, and removing
pointsfrom regionswherethe indicatoris low. The advantageof
this strategy is that relatively few meshpointsneedto beaddedor
deletedat eachrefinement/coarseningstep.A disadvantageis that
complicateddatastructuresandlogic arerequiredto keeptrackof
the meshobjects(e.g.,vertices,edges,elements)andtheir neigh-
borsastheobjectsareaddedandremoved.Thealgorithminvolves
much“pointer chasing”leadingto irregularanddynamicdataac-
cesspatterns.

Triangularelementsmayberefinedby bisectingoneor moreof
its edges.An isotropicsubdivision bisectsall threeof anelement’s
edgesto form four congruent“child” triangles. An anisotropic
subdivision bisectsoneor two of the edgesto form two or three
child triangles. Figure 5 depictsthis processof triangle refine-
ment. Anisotropicsubdivisions are requiredasa transitionfrom
isotropically-refinedelementsto unrefinedelements.Coarseningis
theprocessof deletingchild edgesandelementsandrestoringtheir
parents.

The elementsandedgesof the mesharestoredasforests,with
a tree for subsetsof elementsand edges. Using treessimplifies
the coarseningprocess.Rootsof treesin the forestcorrespondto
the original unrefinedelementsand edges. Each level of a tree
in the forest correspondsto a level of refinement. Leavesof the
treesrepresentelementsand edgesat the maximumlevel of re-
finement.Leaf elementsandedgesaretheonly onesthatmay be
refinedor coarsened.Verticesdo not have parentsor childrenand
soarestoredin anarrayor list.

Therefinementalgorithmmaybesummarizedasfollows:

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

2. Subdivide elementsbasedon their edgesthataremarkedfor
refinement.

3. Add new vertices,edges,andelementsto themesh.

Thecoarseningalgorithmis similar. As described,this meshadap-
tion algorithminvolvesmultiple passesover thelists of edgesand
elements.

3.2 Java Version
As in thecaseof LAURA, thedesignof theobject-orientedJava

versionof 2D TAG beginswith modelingthegeometry. Mesh, Ver-
tex, Edge, andElementclassesmodel the differentmeshobjects.
Initially, we usedthe variousList implementationsfrom the Java
Collectionspackage[30] to managethe lists of meshobjectsand
their neighbors. After seeingthat the initial performanceof this
versionwaspoor, we realizedthat we did not needa general,re-
sizablelist in mostsituations(e.g.,therearealwaysthreeedgesin
a triangle).As a result,we choseto usenative Java arraysor local
variableswherever possible.

EachElementandEdge object containsreferencesto its child
objectsaswell asto its parent.Thevariousrefinementandcoars-
eningerror testsaredefinedassubclassesof a Predicateclass.To

Property Value
Velocity 3000m/s
Density 0.001kg/���

Temperature 250K
Wall Temperature 500K

Table 1: Freestreamconditions for LAURA testcase.

simplify the traversalsover the edgesand elementsof the mesh
duringtherefinementandcoarseningsteps,we initially decidedto
usespecializediteratorclassesor filtersdefinedto returnonly those
objectsthatsatisfya Predicate(e.g.,elementis a leaf, edgemeets
errorcriteria). As with theuseof generallists, we recognizedthat
iteratorsarenotnecessaryin ourcaseandchosenot to usethem.

3.2.1 Multithreading
We tried two approachesin developinga multithreadedversion

of 2D TAG. The first strategy assignsgroupsof meshobjectsto
individual threadsandhandlesconflictsbetweensharededgesand
verticesby making Edge and Vertex methodssynchronized.
This putslocks on thesharedobjectsof themeshandmimics the
NO COLOR strategy describedby Oliker andBiswas [27]. The
secondstrategy first staticallypartitionsthe meshinto submeshes
usingthemeshpartitioningtool METIS [22]. Only theedgesand
verticesat partition boundariesrequirelocking. This reducesthe
amountof synchronizationconsiderably. For instance,only 1% of
theedgesand6% of theverticesof our testmesharesharedwhen
themeshis split into four partitions.

4. PERFORMANCE
We now compareand characterizethe sequentialand parallel

performanceof the object-orientedJava versionsof LAURA and
2D TAG with their original proceduralversionswritten in Fortran
andC.NotethatwehavebothaFortranandaCversionof LAURA,
asmentionedin Section2.1. We usethe C versionasthe bench-
markfor ourperformancecomparisons,becauseit doesnotcontain
theunnecessarycopying of datapresentin theFortranversion.Ex-
ecutiontimesfrom theFortranversionareincludedfor complete-
ness.In this section,we describethetestcases,presenttheperfor-
manceresultsfor severalarchitectures,anddiscussthereasonsfor
bothgoodandpoorperformance.

4.1 TestCases
We usethe computationof three-dimensional,viscous,perfect

gasflow over a paraboloidat 10 degreesangleof attackasa test
casefor LAURA. Theinitial flow field is setto thefreestreamcon-
ditionslistedin Table1 and200iterationsarecomputedusingfirst-
orderaccuracy. A varietyof grid sizesareusedrangingfrom 1000
cells (10 � 10 � 10) to 64,000cells (40 � 40 � 40). Figure6 shows a
view of the 10 � 10 � 10 grid’s upperandlower symmetryplanes.
Thelargestof thesegrids,which containsonly 64,000cells,is still
relatively small comparedto CFD solutionsthat requiremillions
of cells. However, thesegrids can be thoughtof as constituting
a singleblock of a multiblock solutionandarea reasonablesize
for computationson a workstationor PC.We alsotestedLAURA
usingboth singleprecision(32-bit) anddoubleprecision(64-bit)
floating point arithmeticasboth versionsareusedin actualflow
simulations. Single precisionis usedfor inviscid flow computa-
tionswherethemeshis not highly refined,while doubleprecision
is typically usedfor viscousor reactinggasflows. As therewaslit-
tle differencein therunningtimesof the two versions,we present



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

Mesh Vertices Triangles Edges
Initial 14,605 28,404 43,009
Level 1 26,189 59,000 88,991
Level 2 62,926 156,498 235,331
Level 3 169,933 441,147 662,344
Level 4 380,877 1,003,313 1,505,024
Level 5 488,574 1,291,834 1,935,619

Table 2: Progressionof grid sizesthr oughfive levelsof adapta-
tion.

only thesingleprecisionresults.
Weusethecomputationalmeshover anairfoil to testtheperfor-

manceof 2D TAG. This is the sametestcaseusedby Oliker and
Biswas[27]. For an actualflow simulationover an airfoil travel-
ing at transonicMachnumbers,shocksform onboththeupperand
lower surfacesof the airfoil. The meshis typically refinedin the
areacontainingthe shocksaswell asaroundthe stagnationpoint
locatedat theleadingedgeof theairfoil. Thisscenariois simulated
by geometricallyrefiningthemeshin theseregions.Theactualtest
caseconsistsof readingthe initial coarsemeshinto 2D TAG and
proceedingthroughfive levelsof refinement.Table2 givesthere-
sulting grid sizesat eachlevel of refinement. Note that the final
meshis more than 40 times larger than the initial one. Figure7
shows a close-upview of theinitial mesh.

4.2 TestingEnvir onment
Table3 lists theplatformsandJVMsweusedfor measuringper-

formance.All JVMswererunusingJust-In-Time(JIT) compilation
andwith garbagecollectionenabled.All machineswererelatively

Figure7: Close-upview of the initial mesharound the airf oil.

unloadedat the time of eachtest,andseveral runsweremadeat
eachtest condition with the best time recorded. The initial and
maximumheapsizesweresetusingthe-Xms and-Xmx options
to valueson theorderof 500MB to discourageexcessive garbage
collection. The typical variationin run timeswaslessthan1 sec-
ondfor run timeson theorderof 60 seconds.All JVMs arefreely
availableexceptfor Jalapẽno [2, 7], a researchJVM developedat
IBM T.J. WatsonResearchCenter. Although the Jalapẽno JVM
containsan optimizing JIT compiler, it is not tunedfor scientific
codes.For instance,it doesnot performtraditionaloptimizations
for scientificcomputingsuchasloop unrolling. Jalapẽno alsohas
anadaptive compilerusingdynamicfeedback[3]thatmay recom-
pile methodsat differentoptimizationlevelsduringthecourseof a
code’s execution.We choseto useJalapẽno’s optimizingcompiler
instead,becauseit provideduswith morecontroloveroptimization
options.

4.3 LAURA Results
Tables4 and5 give theperformanceof thesingle-precision,na-

tive andJava versionsof LAURA on thedifferentplatforms.Run-
ning timesarenormalizedby the total numberof cells anditera-
tions. Thetimesarenormalizedto helpshow variationsin running
timewith grid sizeandto helpdeterminerunningtimefor different
grid sizesanditerationcounts.RecallthattheC versionof LAURA
(seeSection2.1)doesnot containthecopying to andfrom tempo-
rary work arraysthat is presentin theoriginal Fortranversion.We
considerthe performanceof the C version to be the benchmark
againstwhich theperformanceof theJava versionshouldbecom-
pared.

Several observationsregardingthe timing measurementsarein
order.

1. As shown 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
Sun JVM and within a factor of 2.5 on the Pentiumwhen
usingtheIBM JVM. ThefastestJavaversiononthePowerPC
with theJalapẽno JVM is still 3 timesslower thanthenative
C version. The focusof the Jalapẽno JVM researchproject
hasnot beenon optimizationof scientificcodesandfloating
point calculations.



SunUltra SGI Pentium PowerPC
Processor Sparc R12000 PentiumIII PowerPCRS64 II
ProcessorSpeed 300MHz 300MHz 700MHz 262MHz
Numberof CPUs 2 32 4 12
Memory 256MB 16GB 1 GB 8 GB
OperatingSystem SunOS5.7 IRIX 6.5 RedHat Linux 6.2 AIX
JVM SunJDK 1.3.0-beta SGISDK 1.2.2 SunJDK 1.3.0 Jalapẽno [2, 7]

SunJDK 1.2.1 IBM JDK 1.3
Fortran/CCompiler f77/cc f77/cc g77/gcc xlc

SunWorkshop5.0 MIPSpro7.30 GCC2.96
Fortran/CCompilerSwitches -fast -Ofast -O3 -O4

Table3: Machinesusedto testLAURA and 2D TAG.

Machine JVM Grid Time( � sec) Ratioto C version
SunUltra SunJDK 1.3.0-beta 10 � 10 � 10 215.6 3.51

20 � 20 � 20 183.0 2.86
40 � 40 � 40 182.8 2.63

SunJDK 1.2.2 10 � 10 � 10 185.2 3.01
20 � 20 � 20 181.8 2.84
40 � 40 � 40 183.6 2.65

SGI SGISDK 1.2.2 10 � 10 � 10 141.6 9.51
20 � 20 � 20 151.3 10.02
40 � 40 � 40 172.9 10.74

Pentium SunJDK 1.3.0 10 � 10 � 10 49.3 2.58
20 � 20 � 20 55.8 2.83
40 � 40 � 40 60.0 2.78

IBM JDK 1.3.0 10 � 10 � 10 39.4 2.06
20 � 20 � 20 39.8 2.02
40 � 40 � 40 44.0 2.04

PowerPC -O0 32 � 32 � 32 201.1 4.24
-O1 154.0 3.25
-O2 161.9 3.42

-O2 -no_bounds_check 155.4 3.28
-O2 -no_bounds_check -allow_fma 143.9 3.04
-O1 -no_bounds_check -allow_fma 138.2 2.92

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

Machine Grid Time ( � sec)
Fortran C

SunUltra 10 � 10 � 10 69.8 61.5
20 � 20 � 20 86.6 64.1
40 � 40 � 40 89.8 69.4

SGI 10 � 10 � 10 25.7 14.9
20 � 20 � 20 25.2 15.1
40 � 40 � 40 29.5 16.1

Pentium 10 � 10 � 10 30.0 19.1
20 � 20 � 20 31.3 19.7
40 � 40 � 40 44.1 21.6

PowerPC 32 � 32 � 32 N/A 47.4

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

2. The relative performanceof the Java versionon the SGI is
poor. Several factorsmayaccountfor this. Oneis theobvi-
ousreasonthat the implementationof the JVM on the SGI
maybepoor. Theotherreasonis thattheFortranandC com-
pilerson theSGI maybemuchbetterthantheJIT compiler
usedby the JVM and betterable to take advantageof the
underlyingarchitecture.

3. Thetimespentcopying datato andfrom temporaryarraysin
theoriginal Fortranversionis significant,asseenin thedif-
ferencebetweenthe performanceof the C andFortranver-
sionsin Table4.

4. Two desiredchangesto theJava languagethatarefrequently
mentionedby thescientificcommunityaretheremoval of ar-
rayboundschecksandtheability to usedfusedmultiply-add
(FMA) instructions[21]. With the Jalapẽno JVM [2, 7] on
the PowerPC,we canexplore the effectsof theseproposed
languagechangeson theperformanceof LAURA. Compar-
ing the resultswith -allow_fma turnedon andoff shows
thatallowing FMA instructionsreducestherunningtime by



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

SunJDK 1.3.0 10 � 10 � 10 49.3 51.6 51.7
20 � 20 � 20 55.8 57.5 58.0
40 � 40 � 40 60.0 64.9 64.7

IBM JDK 1.3.0 10 � 10 � 10 39.4 39.4 39.5
20 � 20 � 20 39.8 40.0 40.2
40 � 40 � 40 44.0 45.8 46.2

Table 6: Time per cell per iteration ( � sec) of LAURA-Java us-
ing differ ent array packageson Pentium.

7%. Determiningtheeffectof removing arrayboundschecks
is moredifficult in thatmany of thearrayboundschecksmay
have alreadybeenremoved by the-O1 and-O2 optimiza-
tion levels. Becausea run with the -O0 -no-bounds-
checks optionswasnot made,we hesitateto draw defini-
tiveconclusionsfrom thedataexceptto saythatarraybounds
checks(differencebetween-O2 and-O2 -no-bounds-
checks times)accountfor at least4% of the total running
time.

4.3.1 ArrayPackages
We next examinetheeffect of themultidimensionalarraypack-

ageontheperformanceof LAURA. Table6 liststheperformanceof
severalversionsof LAURA on thePentium,eachusinga different
arraypackageto managethecollectionsof geometricobjectsfound
in ablock. Theperformanceof LAURA usingnative Javaarraysis
alsolisted. Theconventionalwisdomis thatnative Java arraysare
inefficient dueto thearrayboundscheckingthatJava requiresand
thepossiblelack of datalocality of theJava “arrayof arrays”[26].
While thisstatementis certainlytrue,it mustbeevaluatedin terms
of theactualapplication.Unlike many otherCFD applications,we
arenotusingmultidimensionalarraysin LAURA to storeprimitive
floating-pointvaluessuchaspressure,velocity, anddensity, norare
we usingarraysto performmatrix factorizationor multiplication.
In the caseof LAURA, we areusingmultidimensionalarraysas
containersof Cell, CellFace, andPoint objectswhich in turn store
theprimitive data.Most of therunningtime is spentin gettingthis
datafrom memoryto theregistersandthenexecutingfloatingpoint
operationswith them. Thetime spentin get andset operations
in the variousarraypackagesis small in comparison.Therefore,
the choiceof arraypackageshaslittle impacton theperformance
of LAURA.

4.3.2 MultithreadedPerformance
Figure8 showsthemultiprocessorspeedupof theJavaversionof

LAURA onthe4-processorPentiummachineandthe12-processor
PowerPCmachine.As mentionedin Section2.2.2, our Java ver-
sionof LAURA doesnotusesynchronized methodsdueto the
asynchronousrelaxationallowed by the point-implicit relaxation
strategy. With only minimal modificationsto thecode,we areable
to achieve nearidealspeedupusingtheJalapẽno JVM on thePow-
erPCandamodestspeedupof around3 onthe4-processorPentium
machine.

4.4 2D TAG Results
Tables7 and8 list the performanceof the C andJava versions

of 2D TAG on the variousarchitectures.The “Startup” time rep-
resentsthe time spentreadingin the original meshandallocating
andinitializing relevant datastructures.The “Adapt” time repre-
sentsthe time spentin refining the mesh. The total runningtime
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Figure 8: Speedupof LAURA-Java on 4-processorPentium
and on 12-processorPowerPC with Jalapeno. The grids used
are 24 � 24 � 24 (Pentium) and 32 � 32 � 32 (PowerPC).

Machine Startup Adapt
(sec) (sec)

SunUltra � 1.60 4.01
SGI 0.77 7.89

Pentium 0.58 3.75
PowerPC 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 thr eetimes on
the Sun Ultra due to memory constraints.

of a versionis thesumof thesetimes.The“AdaptTime Ratio” for
a Java versionis the ratio of its adaptationtime to the adaptation
time of theoriginal C version.Smallervaluesof this ratio indicate
betterperformanceof theJava code.The“GC” timerepresentsthe
time spentin garbagecollectionby theJava versions,asindicated
by the-verbosegc flag. Due to memoryconstraints,the ini-
tial meshis refinedonly threetimes on the SunUltra insteadof
five. We testedthreeJava versions:a proceduralversionobtained
by a “line-by-line” translationof theoriginal C version;anobject-
oriented(O-O) versionasdescribedin Section3.2 that usesJava
arraysto storeElement, Edge, andVertex objects;andanO-O ver-
sion thatuseslinked lists to storethecollectionsof meshobjects.
Using linked lists avoids arrayboundschecksandalsoavoids the
needto preallocatethestoragefor thefinal refinedmesh.Because
theoriginal C versionaswell astheotherJava versionsusearrays
for storage,they requirethe final meshsizeto be specifiedat run
time. The differencein performancebetweenthe threeJava ver-
sionsgives an imperfectindicationof the performance“cost” of
writing object-orientedcode.

Generally, the Java versionsperformquite well, with the O-O
versionsrunningwithin 6% of theperformanceof native codeon
thePowerPCusingtheJalapẽno JVM andwithin 33%on thePen-
tium with the IBM JVM. In fact, the O-O versionsactuallyout-
performtheJavaproceduralversiononthePowerPC,SGI,andSun
Ultra. ExaminingthehardwarecountersontheSGIusingperfex
showsanincreasednumberof TranslationLookasideBuffer (TLB)
missesin theproceduralversion.We conjecturethat theO-O ver-
siondoesa betterjob of achieving locality in theTLB by encapsu-
latingdatain theVertex, Edge, andElementclasses.



Machine JVM Version Startup Adapt GC AdaptTime
(sec) (sec) (sec) Ratio

SunUltra � SunJDK 1.3.0-beta Procedural 2.26 9.68 0.80 2.41
O-O(Array) 0.87 8.86 5.29 2.21
O-O(List) 1.03 10.49 6.99 2.62

SGI SGISDK 1.2.2 Procedural 2.21 24.42 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 5.95 0.18 1.59
O-O(Array) 0.52 17.66 12.50 4.71
O-O(List) 0.61 19.22 14.34 5.13

IBM JDK 1.3.0 Procedural 1.26 4.44 0.00 1.18
O-O(Array) 0.41 5.09 0.00 1.36
O-O(List) 0.43 4.99 0.00 1.33

PowerPC -O2 Procedural 6.11 12.37 0.00 1.73
-O2 -no_bounds_check 5.26 9.97 0.00 1.39

-O1 O-O(Array) 0.80 7.87 0.00 1.10
-O1 -no_bounds_check 0.79 7.82 0.00 1.09

-O1 O-O(List) 0.87 7.63 0.00 1.06
-O1 -no_bounds_check 0.85 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.

One of the main differencesbetweenthe proceduraland O-O
versionsis thenumberandgranularityof objects.Theprocedural
versionliesat oneextremein thatthereis only oneobject,namely,
a Meshobjectthatencapsulatesall of theoriginal meshadaptation
algorithmand its datastructures.The O-O version,on the other
hand,is composedof a Meshobjectcontainingcollectionsof indi-
vidual Vertex, Edge, andElementobjects.Referringto Table2, we
observe thatrefiningthetestmeshfive timesresultsin thecreation
of almost4 million objects. The original C versionpre-allocates
the requiredamountof storageby using a user-suppliedoveral-
locationfactor that specifiesthe expectedsizeof the final refined
meshrelativeto theoriginalmesh,andceasesoperationshouldthis
factorbefoundto betoo small. TheJava proceduralversionmim-
ics this behavior, allocatingmultiple sucharraysof primitive (i.e.,
non-object)typesthat arenot subjectto garbagecollection. The
O-O versionusesthis factorto pre-allocateanarrayof objectref-
erences,but allocatestheactualobjectsasneeded.As thetestcase
performsonly meshrefinement,noneof theobjectscreatedareac-
tually destroyedduringprogramexecution.

Looking at thegarbagecollection(GC) timesfor theSunJVM
in Table8 shows the impactof this largenumberof smallobjects
on performance.The GC time accountsfor over half of the ex-
ecutiontime of the O-O versionwhile the GC time usedby the
proceduralversionis negligible. NotethatGC is largelyunproduc-
tive in freeingheapstorage,sinceno objectsare ever destroyed.
If the GC time could be avoided(aswaspossiblein earlierJVM
versionswith the -noasyncgc command-lineswitch), the ac-
tual time spentrefining the meshwould be quite similar between
theproceduralandO-O versions.Interestinglyenough,no time is
spentin GC whenusingtheotherJVMs (asreportedby usingthe
-verbosegc flag).

Thestartuptime for theO-O versionis actuallysmallerthanthe
startuptime for theoriginalC version.This relatesto theoverallo-
cationfactordiscussedabove. The original C versionmalloc’s
thesemaximum-sizedarraysand initializes only the portionsof
thesearrayscorrespondingto the original mesh. The Java proce-
duralversionmimics this behavior, but is forcedby Java language

semanticsto initialize theentirearraywith theappropriatedefault
values.TheO-O versionconstructsonly thearrayof referencesto
the fully refinedmeshandthegeometricobjectscorrespondingto
theoriginal mesh.However, this is a zero-sumgame,andthecost
of constructingtherestof thegeometricobjectsin theO-Oversion
is accountedfor in theadapttime.

Thelargenumberof objectscanbeavoidedby encapsulatingthe
lists of vertices,edges,andelementsinto VertexList, EdgeList, and
ElementListclassesin which theindividual fields from theVertex,
Edge, andElementclassesareeachgroupedinto their own array.
We did not try this technique,as it limits codereuseandextend-
ability andwould not beconsideredgoodobject-orientedpractice.
However, it doesrepresentan intermediateversionbetweenour
proceduralandO-O versionsandwould mostcertainlyreduceGC
time.

As statedin Section3.2, we initially tried an O-O versionthat
usedArrayList objectsfrom the Java Collectionsframework [30]
to manageour lists of geometricobjects.We thenusediteratorsto
traversethelists. Althoughnotshown here,this versionperformed
quitepoorlyonthePentium.Quantifyingtheinefficienciesrequires
furtherstudy, but two factorsprobablycontribute: thepervasiveuse
of interfaces(whichcomplicatesdynamicmethoddispatch)andthe
obligatoryconversionsto andfrom thejava.lang.Object su-
perclass.We notethatprevious researchers[17, 23] alsodescribe
inefficient performanceof severalof theJava libraries.

4.4.1 MultithreadedPerformance
Figure9 shows themultiprocessorspeedupof theO-O Java ver-

sion of 2D TAG on the 12-processorPowerPCmachinewith the
JalapẽnoJVM. “Locks” refersto theuseof synchronizedmeth-
odsin theEdgeandVertex classesto preventconflictsamongedges
andverticesthataresharedby multiple threads.As might be ex-
pected,this strategy performspoorly andlittle, if any, speedupis
realized.In fact,for 8 and12 threads,therunningtimesareworse
thanthesinglethreadtime. Thenext strategy, “StaticPartitioning”,
partitionstheglobalmeshinto submesheswith METIS[22] andas-
signsa threadto work on eachsubmesh.Locks arethenrequired
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Figure 9: Speedupof 2D TAG on 12-processorPowerPC with
Jalapeno.

for only thoseedgesand verticeson partition boundaries. The
staticpartitioningtime is 0.20secon thePowerPCwhich is small
comparedto thestartupandadaptationtimesof 2D TAG (seeTa-
ble8) andis not includedin thetotal runningtimewhencomputing
speedup.Thespeedupusingthisstrategy is only slightly betterthan
with usinglocks,reachingamaximumspeedupof 1.54whenusing
12 threads.Thepoorperformanceis not dueto excessive synchro-
nizationbut dueto loadimbalance.Becausewe areonly partition-
ing once,thecomputationalloadbecomesincreasinglyimbalanced
with eachlevel of refinement.Thesolutionis to repartitionthere-
finedmeshateachstep.Tosimulatemorefavorableloadbalancing,
weran2D TAG using“StaticPartitioningwith RandomMarking”.
Edgesaremarkedfor refinementrandomlyandnot accordingto a
errorcriteria. Thesubmeshesremainapproximatelythesamesize
during thefive levels of refinement,andthis factaccountsfor the
improvedspeedup,which reaches4.71whenusing12 threads.In-
cludingrepartitioningtimeswould increasetherunningtimesand
reducethesemeasuredspeedupssomewhat. This is not a realistic
scenario,but in theabsenceof repartitioning,doesdemonstratethe
parallelperformanceof themultithreadedJava versionof 2D TAG
on similarly-sizedsubmeshes.

5. CONCLUSIONS AND FUTURE WORK
We have describedthe design,implementation,andevaluation

of object-oriented“100% Pure” Java codesfor two representative
CFD applicationsthatdiffer radically in their characteristics.The
flow solver LAURA is structured,largely static,andfloating-point
intensive. Themeshadaptationalgorithm2D TAG is unstructured,
very dynamic,fine-grained,andlimited by thespeedof objectma-
nipulation. We have demonstratedthat LAURA’s runningtime is
almostwithin a factorof 2 and2D TAG’s is within a factorof 1.5
of theiroptimizednative,proceduralcounterpartsusingcurrentoff-
the-shelfJava compilersandJVM technology. We feel that this
level of performanceis extremelypromisingandis susceptibleto
furtherimprovementasJava technologymatures.

Performanceshouldof coursebe consideredin the larger con-
text of thesoftwaredesigncycle. In bothcodes,theJava versions
aresmallerin sizethantheoriginal versions:5300linesof Java to
14500linesof Fortranfor LAURA, and1300linesof Java to 1900
lines of C for 2D TAG. In addition, the Java versionsare much
moremodularandhierarchicallystructured.The Java versionof

LAURA contains49 classesorganizedin a three-deepinheritance
hierarchy, while theO-Oversionof 2D TAG containseightclasses
in a two-deephierarchy. Suchmodularizationmakes it easierto
extendthe functionality of the code,e.g., to adddifferentbound-
ary conditions,gaschemistryoptions,or relaxationalgorithmsin
LAURA. Programmerproductivity also needsto be considered.
TheJavaversionsof bothcodesweredesignedandimplementedin
18 monthsby a singleprogrammerwith minimal Java experience
at the beginning of the effort. The original versions,by contrast,
representmany person-yearsof effort.

Theperformanceof thecodesindicatesthecomplex designtrade-
offs in JVM implementationsandhighlightsseveralaspectsof JVM
behavior that shouldbe investigatedfurther for high-performance
Java. First, the usercan control garbagecollection activity only
in very indirect ways,suchasby specifyingthe initial andmaxi-
mumheapsizes.Thewidevarietyof GCalgorithms,theirdifferent
performancecharacteristics,andtheblack-boxnatureof this com-
ponentof theJVM, make this level of userinteractioninadequate
for high-performanceapplications. Greateruserinteractionwith
the garbagecollector within the constraintsof the Java platform
needto be investigated.Second,the performanceof multithread-
ing varieswidely amongplatforms,andneedsto be improved to
scaleto largenumbersof threads.

Regardingfuture work, we plan to implementa parallel,three-
dimensionalversionof the 2D TAG codeaswell ascontinueour
experimentation.
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