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Abstract

When Java was first introduced,therewas a perceptionthat its many benefitscameat a signifi-
cantperformancecost. In the particularlyperformance-sensitive field of numericalcomputing,initial
measurementsindicateda hundred-foldperformancedisadvantagebetweenJava andmoreestablished
languagessuchasFortranandC. Althoughmuchprogresshasbeenmade,andJavanow canbecompeti-
tivewith C/C++in importantsituations,significantperformancechallengesremain.ExistingJavavirtual
machinesarenotyetcapableof performingtheadvancedlooptransformationsandautomaticparalleliza-
tion thatarenow commonin state-of-the-artFortrancompilers.Javaalsohasdifficultiesin implementing
complex arithmeticefficiently. Theseperformancedeficienciescanbe attackedwith a combinationof
classlibraries(packages, in Java) that implementtruly multidimensionalarraysandcomplex numbers,
andnew compiler techniquesthat exploit the propertiesof theseclasslibraries to enableother, more
conventional,optimizations.Two compilertechniques,versioningandsemanticexpansion, canbelever-
agedto allow fully automaticoptimizationandparallelizationof Java code. Our measurementswith
the NINJA prototypeJava environmentshow that Java canbe competitive in performancewith highly
optimizedandtunedFortrancode.

1 Intr oduction

WhenJava(TM) wasfirst introduced,therewasa perception(properly foundedat the time) that its many
benefits,including portability, safetyand easeof development,cameat a significantperformancecost.
In few areaswere the performancedeficienciesof Java so blatantas in numericalcomputing. Our own
measurements,with second-generationJava virtual machines,showeddifferencesin performanceof up to
onehundred-foldrelative to C or Fortran.Theinitial experienceswith suchpoorperformancecausedmany
developersof high performancenumericalapplicationsto rejectJava out-of-handasa platform for their
applications.

Much haschangedsincethoseearlydays.More attentionto optimizationtechniquesin thejust-in-time
(JIT) compilersof modernvirtualmachineshasresultedin performancethatcanbecompetitivewith popular
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C/C++compilers[4]. Figure1(a)shows theperformanceof aparticularhardwareplatform(a333MHz Sun
Sparc-10)for different versionsof Java Virtual Machine(JVM). The resultsreportedare the aggregate
performancefor theSciMark[12] benchmark.Wenotethatperformancehasimprovedfrom 2 Mflops(with
JVM version1.1.6)to betterthan30 Mflops (with JVM version1.3). However, asFigure1(b) shows, the
performanceof Java is highly dependenton theplatform.Often,thebetterhardwareplatformdoesnothave
avirtual machineimplementingthemoreadvancedoptimizations.
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Figure1: Although Java performanceon numericalcomputinghasimproved significantlyin thepastfew
years(a), thatperformanceis inconsistentacrossplatforms(b) andstill not up to parwith state-of-the-art
C andFortrancompilers. (Data courtesyof Ron Boisvert andRoldanPozo,of the National Instituteof
StandardsandTechnology.)

Despitethe rapidprogressthathasbeenmadein thepastfew years,theperformanceof commercially
availableJava platformsis not yet on par with state-of-the-artFortranandC compilers. Programsusing
complex arithmeticexhibit particularly bad performance.Furthermore,currentJava platformsare inca-
pableof automaticallyapplyingimportantoptimizationsfor numericalcode,suchasloop transformations
andautomaticparallelization[16]. Nevertheless,our thesisis that thereareno technicalbarriersto high
performancecomputingin Java. To prove this thesis,we have developeda prototypeJava environment,
called Numerically INtensive JAva (NINJA), which hasdemonstratedthat Fortran-like performancecan
be obtainedby Java on a variety of problems. We have successfullyaddressedissuessuchasdenseand
irregular matrix computations,calculationswith complex numbers,automaticloop transformations,and
automaticparallelization.Moreover, our techniquesarestraightforward to implement,andallow reuseof
existingoptimizationcomponentsalreadydeployedby softwarevendorsfor otherlanguages[13], lowering
theeconomicbarriersto Java’s acceptance.

The primary goal of this paperis to convince virtual machineand applicationdevelopersalike that
Java can deliver both on the software engineeringand performancefronts. The technologyis available
to make Java perform as good for numericalcomputingas highly tunedFortran or C code. Onceit is
acceptedthatJava performanceis only anartifactof particularimplementationsof Java, andthat thereare
no technicalbarriersto Java achieving excellentnumericalperformance,our techniqueswill allow vendors
andresearchersto quickly deliver highperformanceJava platformsto programdevelopers.

Therestof thispaperis organizedasfollows. Section2 describesthemainsourcesof difficultiesin op-
timizing Java performancefor numericalcomputing.Section3 coversthesolutionsthatwe have developed
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to overcomethosedifficulties. Section4 discusseshow thosesolutionswereimplementedin our prototype
Java environmentandprovides variousresultsthat validateour approachto deliver high performancein
numericalcomputingwith Java. Finally, Section5 presentsour conclusions.Two appendicesprovide fur-
therdetail on technologiesof importanceto numericalcomputingin Java: AppendixA givesa flavor of a
multidimensionalarraypackageandAppendixB discussesa library for numericallinearalgebra.

2 Java PerformanceDifficulties

Amongthemany difficultiesassociatedwith optimizingnumericalcodein Java, we identify threecharac-
teristicsof thelanguagethatare,in away, unique:(i) exceptionchecksfor null-pointerandout-of-bounds
arrayaccesses,combinedwith a preciseexceptionmodel, (ii) the lack of regular-shapedarrays,and(iii)
weaksupportof complex numbersandotherarithmeticsystems.Wediscusseachof thesein moredetail.

The Java exceptionmodel: Java requiresall arrayaccessesto be checked for dereferencingvia null-
pointerandout-of-boundsindices.An exceptionmustbethrown if eitherviolation happens.Furthermore,
thepreciseexceptionmodelof Java statesthatwhentheexecutionof a pieceof codethrows anexception,
all theeffectsof thoseinstructionsprior to theexceptionmustbevisible,andno effect of instructionsafter
theexceptionshouldbevisible [8]. This hasa negative impacton performancein two ways: (i) checking
thevalidity of arrayreferencescontributesto runtimeoverhead,and(ii) codereorderingin general,andloop
iterationreorderingin particular, is prohibited,thuspreventingalmostall optimizationsfor numericalcodes.
Thefirst of theseproblemscanbe alleviatedby aggressive hardwaresupportthatmasksthedirectcostof
thetests.Thesecondproblemis moreseriousandrequirescompilersupport.

Arrays in Java: Unlike FortranandC, Java hasno directsupportfor truly rectangularmultidimensional
arrays.Java allows somesimulationof multidimensionalarraysthrougharraysof arrays,but that is not an
idealsolution.Arraysof arrayshave two majorproblems.

First, arraysof arraysarenot necessarilyrectangular. Determiningthe shapeof an arrayof arraysis,
in general,anexpensive runtimeoperation.Evenworse,theshapeof anarrayof arrayscanchangeduring
computation.Figure2(a) shows an arrayof arraysbeingusedto simulatea rectangulartwo-dimensional
array. In thiscase,all rowshavethesamelength.However, arraysof arrayscanbeusedto constructfarmore
complicatedstructures,asshown in Figure2(b). Wenotethatsuchstructures,evenif unusualfor numerical
codes,may be natural for other kinds of applications. When a compiler is processinga Java program,
it must assumethe most generalcasefor an array of arraysunlessit can prove that a simpler structure
exists. Determiningrectangularityof anarrayof arraysis a difficult compileranalysisproblem,boundto
fail in many cases.Onecouldadvocatetheuseof pragmasto helpidentify rectangulararrays.However, to
maintaintheoverall safetyof Java,avirtual machinemustnot rely onpragmasthatit cannotindependently
verify, andwe arebackto thecompileranalysisproblem.It would bemuchsimplerto have datastructures
thatmakethispropertyexplicit, suchastherectangulartwo-dimensionalarraysof Figure2(c). Knowing the
shapeof amultidimensionalarrayis necessaryto enablesomekey optimizationsthatwe discussbelow. As
canbeseenin Figure2(b), theonly way to determinetheminimumlengthof a row is to examineall rows.
In contrast,determiningthesizeof a truerectangulararray, asshown in Figure2(c), only requireslooking
atasmallnumberof parameters.

Second,arraysof arraysmayhavecomplicatedaliasingpatterns,with bothintra-andinter-arrayaliasing.
Again,aliasdisambiguation– thatis, determiningwhenstoragelocationsarenot aliased– is a key enabler
of variousoptimizationtechniques,suchas loop transformationsand loop parallelization,which are so
importantfor numericalcodes. The aliasingproblemis illustratedin Figure2. For the arraysof arrays
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Figure2: Examplesof (a) arrayof arrayssimulatinga two-dimensionalarray, (b) arrayof arraysin a more
irregularstructure,and(c) rectangulartwo-dimensionalarray.

shown in Figure2(b), two differentarrayscansharerows, leadingto inter-array aliasing.In particular, row
4 of arrayX androw 3 of arrayY refer to the samestorage,but with two differentnames.Furthermore,
intra-array aliasingis possible,asdemonstratedby rows 0 and1 of arrayX. For thetruemultidimensional
arraysshown in Figure2(c) (Z andT), aliasanalysisis easier. Therecanbeno intra-arrayaliasingfor true
multidimensionalarrays,andinter-arrayaliasingcanbedeterminedwith simplertests[16].

Complexnumbers in Java: Fromanumericalperspective, Javaonly hasdirectsupportfor realnumbers.
Fortranhasdirectsupportfor complex numbersalso.For evenmoreversatility, bothFortranandC++ pro-
vide themeansfor efficiently supportingotherarithmeticsystems.Efficient supportfor complex numbers
andotherarithmeticsystemsin FortranandC++comesfrom theability to representlow-costdatastructures
thatcanbeefficiently allocatedon thestackor in registers.Java, in contrast,representsany non-primitive
datatypeasa full fledgedobject. Complex numbersaretypically implementedasobjectsof a classCom-
plex, andevery time anarithmeticoperationgeneratesa new complex value,a new Complex objecthas
to beallocated.Thatis trueevenif thevalueis just a temporary, intermediateresult.

Wenotethatanarrayof  complex numbersrequiresthecreationof  objectsof typeComplex, further
complicatingalias analysisand putting more pressureon the memoryallocationand garbagecollection
system.Wehave observedthelargestdifferencesin performancebetweenJava andFortranwhenexecuting
codethatmanipulatesarraysof complex numbers.BecauseComplex objectsarecreatedateacharithmetic
operation,almostall of the executiontime of an applicationwith complex numbersis spentcreatingand
garbagecollectingComplex objectsusedto hold intermediatevalues. In that case,even modernvirtual
machinescanperformahundredtimesslower thanequivalentFortrancode.

The threedifficulties describedabove are at the core of the performancedeficienciesof Java. They
preventtheapplicationof maturecompileroptimizationtechnologyto Java and,thus,prevent it from being
truly competitive with moreestablishedlanguagessuchasFortranandC. Wenext describeourapproachto
eliminatingthesedifficulties, andwe will show that,with the propertechnology, theperformanceof Java
numericalcodecanbeasgoodaswith any otherlanguage.

3 Java PerformanceSolutions

Our researchshowed that the performancedifficulties of Java could be solved by a careful combination
of languageandcompiler techniques.We developednew classlibraries that “enrich” the languagewith
someimportantconstructsfor numericalcomputing.Our compilertechniquestake advantageof thesenew
constructsto performautomaticoptimizations.Above all, we wereableto overcometheJava performance
problemsmentionedearlierwhile maintainingfull portability of Java acrossall virtual machines.
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The Array packageand semanticexpansion: To attacktheabsenceof truly multidimensionalarraysin
Java, we have definedanArray packagewith multidimensionalarrays(denotedin this text asArrays, with
acapitalA) of varioustypesandrank(e.g., doubleArray2D, ComplexArray3D, ObjectArray1D).
ThisArray packageintroducestruemultidimensionalarraysin Javathroughaclasslibrary. SeeAppendixA,
TheArray package for Java, for furtherdiscussion.

Elementaccessormethods(get andsetmethodsfor individual arrayelements),sectioningoperations,
gatherandscatteroperations,andbasiclinearalgebrasubroutines(BLAS) aresomeof theoperationsdefined
for theArray datatypes.By construction,theArrayshaveanimmutablerectangularanddenseshape,which
simplifiestestingfor aliasesandfacilitatestheoptimizationof runtimechecks.TheArray classesarewritten
in fully compliantJavacode,andcanberunonany JVM. ThisensuresthatprogramswrittenusingtheArray
packageareportable.

WhenArray elementsareaccessedvia thegetandsetelementoperations,eachelementaccesswill be
encumberedby theoverheadof a methodinvocation,which is unacceptablefor high performancecomput-
ing. Thisproblemis avoidedby acompilertechniqueknown assemanticexpansion. In semanticexpansion,
the compiler looks for specificmethodcalls, andsubstitutesefficient codefor the call. In the caseof the
Array get andsetoperations,codeidentical to that generatedfor C or Fortransubscriptingoperationsis
substitutedfor thecall to thegetor setaccessor. ThisallowsprogramsusingtheArray packageto havehigh
performancewhenexecutedonJVM’s thatrecognizetheArray packagemethods.

The Complexclassand semanticexpansion: A complex numberclassis alsodefinedaspartof theArray
package,alongwith methodsimplementingarithmeticoperationson complex numbers.Again, semantic
expansionis usedto convert callsto thesemethodsinto codethatusesa value-objectversionof Complex
objects(containingonly the primitive values,not the full Java object representation).Any computation
involving methodsthat canbe semanticallyexpandedin this mannercannow usecomplex values,with
conversionto Complex objectsdonein a lazy manneruponencounteringa methodor primitive operation
thattruly requiresobject-orientedfunctionality. Thus,theprogrammercontinuesto treatcomplex numbers
as objects(maintainingthe cleansemanticsof the original language),while our compiler transparently
transformstheminto value-objectsfor efficiency.

Versioning for safeand alias-freeregions: For Java programswritten with theArray package,thecom-
piler canperformsimpletransformationsthateliminatetheperformanceproblemscausedby Java’s precise
exceptionmodel. The ideais to createregionsof codethatareguaranteedto be freeof exceptions.Once
theseexception-free(alsocalledsafe) regionshave beencreated,the compilercanapply traditionalcore-
reorderingoptimizations,constrainedonly by dataand control dependences[16]. The saferegions are
createdby versioningof loop nests.For eachoptimizedloop nest,thecompilercreatestwo versions– safe
andunsafe– guardedby a runtimetest.This runtimetestestablisheswhetherall Arraysin theloopnestare
valid (notnull), andwhetherall theindexing operationsinsidetheloop will generatein-boundaccesses.
If thetestspasses,thesafeversionof theloop is executed.If not, theunsafeversionis executed.Sincethe
safeversioncannotthrow anexception,explicit runtimecheckscanbeomittedfrom thecode.

We take the versioningapproacha stepfurther. Application of automaticloop transformation(and
parallelization)techniquesby acompilerrequires,in general,aliasdisambiguationamongthevariousarrays
referencedin a loop nest. We rely on a key propertyof Java that two objectreferences(theonly kindsof
pointersallowed in Java) musteitherpoint to identicalor completelynon-overlappingobjects.Useof the
Array packagefacilitatescheckingfor aliasingby representinga multidimensionalarrayasa singleobject.
Therefore,we can further specializethe safeversionof a loop nestinto two variants: (i) one in which
all multidimensionalarraysareguaranteedto bedistinct (no aliasing),and(ii) onein which theremaybe
aliasingbetweenarrays.Thesafeandalias-freeversionis theperfecttargetfor compileroptimizations.The
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matureloop optimizationtechniques,including loop parallelization,that have beendevelopedfor Fortran
andC programscanbeeasilyappliedto thesafeandalias-freeregion.

An exampleof theversioningtransformationsto createsafeandalias-freeregionsis shown in Figure3.
Figure 3(a) illustratesthe original code,explicitly showing all null pointer and array boundsruntime
checksthat areperformed.The checkchknull ����� verifiesthat Array reference� is not a null-pointer,
whereascheckchkbounds����� verifies that the index � is valid for that correspondingarray. Figure 3(b)
illustratesthe versionedcode. A simple test for the valuesof the � and � pointersand a comparison
betweenloop boundsandarrayextentscandetermineif the loop will be free of exceptionsor not. If the
testpasses,thenthesaferegion is executed.Note that thearrayreferencesin thesaferegion do not need
any explicit checks.The arrayreferencesin the unsaferegion, executedif the test fails, still needall the
runtimechecks.Onemorecomparisonis usedto disambiguatebetweenthestorageareasfor arrays� and
� . A successfuldisambiguationwill causeexecutionof thealias-freeversion.Otherwise,theversionwith
potentialaliasesmustbeexecuted.At first, thereseemsto beno differencebetweenthealias-freeversion
andtheversionwith potentialaliases.However, thecompilerinternallyannotatesthesymbolsin thealias-
free region asnot beingaliasedwith eachother. This informationis later usedto enablethevariousloop
transformations.

for ��������� �"!$#%� � ++ &�'
/* codefor (*) ��+,�.-/�102) �43�56+7& with explicit checks*/
chknull �1(8& ) chkbounds���9&1+4�.-:� chknull �10;&<) chkbounds���=3�5>&9+?&@

(a)original code

if �A�1(CB� null &EDF�10GB� null &HDI��#KJ$58!.(ML length&EDF��#F!.0NL length&O&�'
/* Thisregion is freeof exceptions*/
if �1(PB��0;&%'

/* Thisregion is freeof aliases*/
for ���Q����� �R!S#"��� ++ &%'T(;) ��+4�.-:�10K) �43U5V+7& @

@
else '
/* Thisregion mayhavealiases*/
for ���Q����� �R!S#"��� ++ &%'T(;) ��+4�.-:�10K) �43U5V+7& @

@
@

else '
/* Thisregion mayhaveexceptionsandaliases*/
for ���%�����O�R!S#"��� ++ &%'

chknull �1(8& ) chkbounds���9&1+W�U-:� chknull �10;&<) chkbounds���=3�5>&9+7&@
@

(b) codeaftersafeandalias-freeregion creation

Figure3: Creationof safeandalias-freeregions.

The conceptsillustratedby the exampleof Figure3 canbe extendedto loop nestsof arbitrarydepth
operatingon multidimensionalarrays.The testsfor safetyandaliasingaremuchsimpler(andcheaper)if
the arraysareknown to be truly multidimensional(rectangular),as in Figure2(c). The Arrays from the
Array packagehave this property.
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Libraries for numerical computing: Optimizedlibrariesarean importantvehicle for achieving high-
performancein numericalapplications.In particular, librariesprovide themeansfor deliveringparallelism
transparentlyto theapplicationprogrammer.

Therearetwo maintrendsin thedevelopmentof high-performancenumericallibrariesfor Java. In one
approach,existingnative librariesaremadeavailableto JavaprogrammersthroughtheJavaNativeInterface
(JNI) [5]. In theotherapproach,new librariesaredevelopedentirelyin Java [3]. Bothapproacheshave their
merits,with theright choicedependingon thespecificgoalsandconstraintsof anapplication.For further
information on a particular library for numericalcomputingin Java, seeAppendix B, Numerical linear
algebra in Java.

The Array packageitself is a library for numericalcomputing. In addition to focusingon properties
that enabledcompileroptimizations,we also designedthe Array packageso that most operationscould
be performedin parallel. We have implementeda versionof theArray packagewhich usesmultiple Java
threadsto exploit multiprocessorparallelisminsidesomekey methods.This is a convenientapproachfor
the applicationdeveloper. The applicationcodeitself canbe kept sequential,andparallelismis exploited
transparentlyinside the methodsof the Array package.We report resultswith this approachin the next
section.

4 Implementation and Results

We have implementedour ideasin the NINJA prototypeJava environment,basedon the IBM XL family
of compilers. Figure4 shows the high-level organizationof thesecompilers. The front-endsfor differ-
ent languagestransformprogramsto a commonintermediaterepresentationcalledW-Code. The Toronto
PortableOptimizer(TPO)is aW-Codeto W-Codetransformerwhichperformsclassicaloptimizations,like
constantpropagationanddeadcodeelimination,andalsohigh level loop transformationsbasedon aggres-
sive dataflow analysis.TPOcanalsoperformbothdirective-assistedandautomaticparallelizationof loops
andother constructs.Finally, the transformedW-Codeis convertedinto optimizedmachinecodeby an
architecture-specificback-end.

Theparticularcompilationpathfor Java programsis illustratedin thetop half of Figure4. Java source
codeis compiledby a conventionalJava compiler(e.g., javac) into bytecodefor theJava Virtual Machine.
We thenusethe IBM High PerformanceCompiler for Java [15] (HPCJ)to statically translatebytecode
into W-code. In other words, HPCJplays the role of front-endfor bytecode. OnceW-codefor Java is
generated,it follows the samepath throughTPO andback-endsasW-codegeneratedfrom othersource
languages.Semanticexpansionof theArray packagemethods[2] is implementedwithin HPCJ,asit is Java
specific.Saferegioncreationandaliasversioninghave beenimplementedin TPOandthosetechniquescan
beappliedto W-codefrom any otherlanguage.

We notethat the useof a staticcompiler– HPCJ– representsa particularimplementationchoice. In
principle,nothingpreventsthetechniquesdescribedin this articlefrom beingusedin a dynamiccompiler.
Moreover, by usingthequasi-staticdynamiccompilationmodel[14], themoreexpensive optimizationand
analysistechniquesemployed by TPO canbe doneoff-line, sharplyreducingthe impactof compilation
overhead.

We useda suite of eight real and five complex arithmeticbenchmarksto evaluatethe performance
impactof our techniques.We alsoappliedour techniquesto a productiondatamining application.These
benchmarksandthedatamining applicationaredescribedfurther in [2, 10, 11]. Theeffectivenessof our
techniqueswasassessedby comparingtheperformanceproducedby theNINJA compilerwith thatof the
IBM DevelopmentKit for Java version1.1.6andtheIBM XLF Fortrancompileron avarietyof platforms.
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Sequentialexecutionresults: Theeightrealarithmeticbenchmarksarematmul (matrixmultiply), microdc
(electrostaticpotentialcomputation),lu (LU factorization),cholesky (Cholesky factorization),shallow (shal-
low watersimulation),bsom (neuralnetwork training), tomcatv (meshgenerationandsolver), andfft (FFT
with explicit real arithmetic). Resultsfor thesebenchmarks,whenrunning in strictly sequential(single-
threaded)mode,are summarizedin Figure 5(a). Measurementswere madeon an RS/6000model 260
machine,with a 200MHz POWER3processor. Theheightof eachbar is proportionalto thebestFortran
performanceachieved in thecorrespondingbenchmark.Thenumbersat thetop of thebarsindicateactual
Mflops. For the Java 1.1.6version,arraysare implementedasdouble[][]. The NINJA versionuses
doubleArray2D Arraysfrom theArray packageandsemanticexpansion.

For six of thebenchmarks(matmul, microdc, lu, cholesky, bsom, andshallow) theperformanceof the
Java version(with theArray packageandour compiler)is 80%or moreof theperformanceof theFortran
version. This high performanceis due to well-known loop transformations,enabledby our techniques,
which enhancedatalocality. TheJava versionof tomcatv performspoorly becauseoneof theouterloops
in theprogramis not coveredby a saferegion. Therefore,no further loop transformationscanbeapplied
to thisparticularloop. Theperformanceof fft is significantlylower thanits Fortrancounterpartbecauseour
Java implementationdoesnot useinterproceduralanalysis,which hasa big impact in the optimizationof
theFortrancode.

Resultsfor complexarithmetic benchmarks: Thefive complex benchmarksarematmul (matrix multi-
ply), microac (electrodynamicpotentialcomputation),lu (LU factorization),fft (FFT with complex arith-
metic), and cfd (two-dimensionalconvolution). Resultsfor thesebenchmarksare summarizedin Fig-
ure5(b). MeasurementsweremadeonanRS/6000model590machine,with a67MHz POWER2processor.
Again, theheightof eachbaris proportionalto thebestFortranperformanceachievedin thecorresponding
benchmark,andthenumbersat thetop of thebarsindicateactualMflops. For theJava 1.1.6version,com-
plex arraysarerepresentedusingaComplex[][] arrayof Complex objects.No semanticexpansionwas
applied. The NINJA versionusesComplexArray2D Arrays from the Array packageandsemanticex-
pansion.In all caseswe observe significantperformanceimprovementsbetweentheJava 1.1.6andNINJA
versions. Improvementsrangefrom a factorof 35 (1.7 to 60.5 Mflops for cfd) to a factorof 75 (1.2 to
89.5Mflopsfor matmul). WeachieveJavaperformancethatrangesfrom 55%(microac) to 85%(fft andcfd)
of fully optimizedFortrancode.

Parallel executionresults: Loop parallelizationis anotherimportanttransformationenabledby safere-
gioncreationandaliasversioning.Wereportspeedupresultsfrom applyingloopparallelizationto oureight
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Figure5: Performanceresultsof applyingourJava optimizationtechniquesto variouscases.

realarithmeticJava benchmarks.All experimentswereconductedusingtheArray packageversionof the
benchmarks,compiledwith ourprototypecompilerwith automaticparallelizationenabled.Speedupresults,
relative to thesingleprocessorperformanceof theparallelcodeoptimizedwith NINJA, areshown in Fig-
ure5(c). Measurementsweremadein a machinewith four 200MHz POWER3processors.Thecompiler
wasableto parallelizesomeloopsin eachof theeightbenchmarks.Significantspeedupswereobtained(bet-
ter than50%efficiency on 4 processors)in six of thosebenchmarks(matmul, microdc, lu, shallow, bsom,
andfft).

Results for parallel libraries: We further demonstratethe effectivenessof our solutionsby applying
NINJA to a productiondatamining code[11]. In this case,we usea parallelversionof the Array pack-
agewhich usesmultithreadingto exploit parallelismwithin the Array operations.We note that the user
applicationis a strictly sequentialcode,andthat all parallelismis exploited transparentlyto the applica-
tion programmer. Resultsareshown in Figure5(d). Measurementsweremadein anRS/6000modelF50
machine,with four 332MHz PowerPC604eprocessors.Theconventional(Java arrays)versionof theap-
plicationachievesonly 26 Mflops, comparedto 120Mflops for theFortranversion. Thesingle-processor
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Java versionwith the Array package(bar Array x 1) achieves109 Mflops. Furthermore,whenrun on a
multiprocessor, the performanceof the Array packageversionscaleswith thenumberof processors(bars
Array x 2, Array x 3, andArray x 4 for executionon2, 3, and4 processors,respectively), achieving almost
300Mflopson 4 processors.

5 Conclusions

Ourresultsshow thattherearenoserioustechnicalimpedimentsto theadoptionof Javaasamajorlanguage
for numericallyintensive computing.Thetechniqueswe have presentedaresimpleto implementandallow
existing compileroptimizersto be exploited. Moreover, Java hasmany featureslike simplerpointersand
flexibility in choosingobject layouts,which facilitateapplicationof the optimizationtechniqueswe have
developed.Theimpedimentsinsteadareeconomicandsocial– anunwillingnesson thepartof vendorsof
Java compilersto commit the resourcesto developproduct-qualitycompilersfor technicalcomputing;the
reluctanceof applicationdevelopersto make thetransitionto new languagesfor developingnew codes;and
finally, thewidespreadbelief that Java is simply not suitedfor technicalcomputing.Theconsequencesof
this situationaresevere: a largepool of programmersis beingunderutilized,andmillions of linesof code
arebeingdevelopedusingprogramminglanguagesthat are inherentlymoredifficult and lesssafeto use
thanJava. The maintenanceof theseprogramswill be a burdenon scientistsandapplicationdevelopers
for decades.It is our hopethat the conceptsandresultspresentedin this paperwill help overcomethese
impediments,andacceleratetheacceptanceof Java to thebenefitof thetechnicalcomputingcommunity.
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A The Array packagefor Java

The Array packagefor Java (provisionally namedcom.ibm.math.array) provides the functionality
andperformanceassociatedwith true multidimensionalarrays. The differencebetweenarraysof arrays,
directlysupportedby theJavaProgrammingLanguageandJavaVirtual Machine,andtruemultidimensional
arraysis illustratedin Figure2. Multidimensionalarrays(Arrays) arerectangularcollectionsof elements
characterizedby threeimmutableproperties:type, rank, andshape. Thetypeof anArray is thetypeof its
elements(e.g., int, double, or Complex). The rank (or dimensionality) of an Array is its numberof
axes.For example,theArraysin Figure2 aretwo-dimensional.Theshapeof anArray is determinedby the
extentof its axes.Thedenseandrectangularshapeof Arraysfacilitatetheapplicationof automaticcompiler
optimizations.

Figure6 illustratestheclasshierarchyfor the Array package.The root of the hierarchyis anArray
abstractclass(not to beconfusedwith theArray package). FromtheArray classwe derive type-specific
abstractclasses.The leaves of the hierarchycorrespondto final concreteclasses,eachimplementingan
Array of specifictype andrank. For example,doubleArray2D is a two-dimensionalArray of double
precisionfloating-pointnumbers.Theshapeof anArray is definedatobjectcreationtime. For example,

intArray3D A = new intArray3D(m,n,p);
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Figure6: Simplifiedpartialclasshierarchychartfor theArray package.

createsan Z\[]P[S^ three-dimensionalArray of integernumbers.Defininga specificconcretefinal class
for eachArray typeandrankeffectively bindsthesemanticsto thesyntaxof aprogram,enablingtheuseof
maturecompilertechnologythathasbeendevelopedfor languageslike FortranandC.

Arrayscanbemanipulatedelement-wiseor asaggregates.For instance,if onewantsto computea two-
dimensionalArray _ of shapeZ`[a in which eachelementis thesumof thecorrespondingelementsof
Arrays � and � , alsoof shapeZb[� , thenonecanwrite either

for (int i=0; i<m; i++)
for (int j=0; j<n; j++)
C.set(i,j,A.get(i,j)+B.get(i,j));

or

C = A.plus(B);

Therearesubtledifferencesbetweenthe two forms. The latter (aggregate)form hasArray semantics: all
elementsof � and � arefirst read,theadditionis performed,andonly thenaretheresultingvalueswritten
to theelementsof _ . Thefirst (element-wise)versioncomputesoneelementof _ at a time. If _ happens
to sharestoragewith � and/or� , theresultingvaluesof elementsof _ maydiffer from theaggregateform.
Bothelement-wiseandaggregateformshave theirmerits,andtheArray packageis designedsothatthetwo
formscanbeaggressively optimizedaswith state-of-the-artFortrancompilers.

The codesnipetsabove alsoshow that syntacticsupportfor the multidimensionalarraysin the Array
packagewould increasetheir usability. For example,it wouldbeclearerto write

C[i,j] = A[i,j] + B[i,j];

for thebodyof theloop and

C = A + B;

for theaggregateform. Theseissuesareorthogonalto theusefulnessof the library for enablingcompiler
optimizations,but will increaseprogrammersacceptanceof thepackage.
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TheArray packagefor Java is currentlygoingthroughastandardizationprocessthroughtheJava Com-
munityProcess(JSR083- http://java.sun.com/aboutJava/communityprocess/jsr/jsr 083 multiarray.html).
The standardizationis an importantstepin makingJava practicalfor numericalcomputing. We notethat
thecurrentnamingconventionsfor theArray packagedonot follow recommendedJavapractice(e.g., some
classesstartwith lower caseletters).We expectthis will changewith thestandardizationprocess.It is also
likely thattheclasshierarchyof thestandardizedpackagewill besomewhatdifferent.Nevertheless,thekey
propertiesof truly rectangularmultidimensionalarrays,importantfor enablingcompileroptimizations,will
bepreserved.

B Numerical linear algebra in Java

Numericallinear algebraoperationsare importantbuilding blocksfor scientificandengineeringapplica-
tions. Many problemsin thosedomainscanbeexpressedasa systemof linearequations.Much work has
beendone,by industry, academia,andgovernment,to developlibrariesof routinesthatmanipulateandsolve
thesediversesystemsof equationsusingnumericallinearalgebra.TheBasicLinearAlgebraSubprograms
(BLAS) andtheLinearAlgebraPackage(LAPACK) aretwo popularexamplesof suchlibrariesavailableto
FortranandC programmers[7]. Partof ourwork in optimizingJava performancefor numericallyintensive
computinginvolved thedevelopmentof a linear algebralibrary for Java. This library is partof theArray
packagefor Java. Wecall it JavaBLAS.

We choseto develop this library entirely in Java, with no native codecomponents.We took advantage
of Java’s objectorientedfeaturesto arrive at a designthat is easyto maintain,portable,andachieveshigh
performance[1]. The implementationof our linear algebralibrary in Java alsoallowed us to pursuenew
optimizationtechniques.

Linearalgebraalgorithms(e.g., solvingfor vector c in theequation�Kcedgf ) areexpressedin termsof
vectorandmatrixoperations.For thatreason,wedefinedtwo interfaces,BlasVector andBlasMatrix
that definethe behavior of vectorsand matrices,respectively. For example,any implementationof the
BlasMatrix interfacemust provide methodsgemm (for matrix multiplication), trsm (for solution of
triangularsystems),andsyrk (for updateof symmetricmatrices). Linear algebraalgorithmsare then
expressedstrictly in termsof the methodsdefinedby the BlasVector andBlasMatrix interfaces.
This approachis particularlyappropriatefor the implementationof linear algebraalgorithmsin recursive
form [9].

Theone-andtwo-dimensionalfloating-pointArrays in theArray package(namelyfloatArray1D,
floatArray2D, doubleArray1D, doubleArray2D, ComplexArray1D, ComplexArray2D)
implementtheBlasVector andBlasMatrix interfaces,respectively. Therefore,a singleinstanceof a
linearalgebraalgorithmworksfor singleprecision,doubleprecision,andcomplex floating-pointnumbers.
This resultsin our linearalgebralibrary beingmuchsmallerthanequivalentimplementationsin C andFor-
tran.Wehavebeenableto achieveveryrespectableperformancewith ourall-Java implementation.Figure7
comparestheperformanceof our Java BLAS library andthehighly tunedESSLproductwhenperforming
theSGEMM BLAS operation(i.e., computing_hdji8_akmln�o[F� for singleprecisionfloating-pointmatrices
� , � , and _ ). In thosemeasurements,all threematricesareof size G[p , where  is the problemsize.
We observe that theJava BLAS versionachieves80%of ESSLperformanceand75%of themachinepeak
performance(800Mflops).

TheareawhereJavaallowedusto pursuenew optimizationtechniquesis in theexploitationof memory
hierarchies,the multilevel cachestructureof mostcurrentmachines.It hasbeenknown for a while that
neitherthe column major layout of Fortrannor the row major layout of C for storing multidimensional
arraysis optimal for linear algebraalgorithms. Java in general,andthe Array packagein particular, hide
thespecificmemorylayoutof anarray. Therefore,we arefreeto organizearraysin any form thatwe find
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Figure7: Performanceresultsfor ESSLandJava BLAS for SGEMM operation.

convenient,totally transparentto theapplicationprogrammer. In particular, we have experimentedwith a
block recursivestoragelayout [6]. The ideabehindblock recursive layoutsis illustratedin Figure8. We
startby dividing the array into two blocksand laying eachblock contiguousin memory. We repeatthe
partitioning for eachblock until we arrive at someconvenientblock size (e.g., that fits into level-1 data
cache).
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Figure8: Illustrationof theblock recursive layout.

Our experimentswith a block recursive storagelayout have shown significantperformanceimprove-
mentsabove andbeyond what is achieved by alreadyhighly optimizedcode. The performanceimpactof
the recursive blocked layout canbe observed in Figure9. The bottom(red) plot in that figure shows the
performanceof theBLAS DGEMM operation(i.e., thedouble-precisionversionof SGEMM), asa functionof
problemsize,for anoptimizedcodeoperatingonanarraywith row majorlayout.Thetop (blue)plot shows
the performancefor the samecodeoperatingon an arraywith block recursive layout. For large problem
sizes,theMflops ratefor theblock recursive layoutcanbeup to 30%higher. Furthermore,we observe that
theperformanceof theblock recursive layoutto bemorestablewith theproblemsize.
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