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SUMMARY

Our previous experiencewith an off-line Java optimizer [1] hasshown that sometra-
ditional algorithms usedin compilersaretoo slow for aJIT compiler. In this paperwe
proposeand implement faster ways of performing analysesneededfor our optimiza-
tions. For instancewe have replacedreading definitionswith constantvaluesand loop
inductionvariableswith loop-definedrariables Asthe resultour JIT compiler, Briki, is
very fast, sothat its running time is negligible even when the data setsusedwith our
benchmarksresultin executiontimes of only a few seconds.The impact for the same
benchmarksrunning on morerealistic problem sizeswould be evensmaller.

Curr ently the speedupsresulting from applying our optimizations are between
10% and 20%, but whenthe JIT compiler will perform standard optimizations which
are absentin the currentversion of the JIT compiler usedby us, the speedupsshould
be similar to the onesobsewedfor Fortran programs—upto 50%.

1 INTRODUCTION

Compilingscientificapplicationgequiressophisticated¢ompileroptimizations.Thoseop-
timizationsare commonlyavailablein commercialcompilersfor languagegraditionally
usedfor high performanceomputing.Thoselanguage$the mostsuccessfubnesareFor-
tranand,to a smallerextend, C++) are compiledoff-line into a stand-alondinary. This
approachs differentfrom the dominantcompilationmodelfor Java in which the source
programis translatednto machine-independent ass fileswhich aretheninterpretedor
dynamically(just-in-time)compiledinto thetargetmachindanguage.

Many of the existing high-performanceptimizationscannotbe easilyadaptedo just-
in-time (JIT) compilation.Thereasonsnclude:

¢ Sophisticatedptimizationtechniguesonsumea lot of hardware resources:CPU
time andmemory
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e Often, a globalview of the programis necessarywhole-pogram optimization[2,

3D).

In this paperwe addressheissueof performingoptimizationsvhichareasgoodor al-
mostasgoodastraditionaloptimizationsavhile runningmuchfasterandusinglessmemory
For our studywe usean optimizationstechniquecalleddatatransformationsin previous
work we have shavn thatdatatransformationganbe very effective in compiling Fortran
or C programg4]. Recentlywe have adaptedhetechniqueor Javabytecode$l, 5]. How-
ever, our previous experimentswith optimizing Java bytecodedave beenperformedwith
anoff-line compilerandthe compileralgorithmswerenotasfastasacompetitve JIT com-
piler is expectedto be. To performdatatransformationsve needmore programstructure
thanis directly availablein the bytecodes.Our previous implementationwas recovering
full high-level structureof the original Jasa programbeforeapplyingary optimizations.
This high-level view of the input bytecodesvas representedavith anintermediaterepre-
sentatiorcalledJavalR JavalR is very high-level andso high-performanceptimizations,
like dataremappingcanbe performedvery efficiently. Unfortunately our experiencehas
shavn thatrecoveringfull structurefromacl ass file is veryexpensve. In ourimplemen-
tation,thetime neededo cornvertbytecodeso JavalR is anorderof magnituddongerthan
the time to performthe optimizations. Sincemostthe high-level structureis not needed
to perform datatransformationwe have decidedto usea differentapproachin our JIT
optimizer

This papershavs how to performthe sameoptimizationsasdescribedn [1, 5] while
recovering only as much structureas neededand using faster(althoughnot necessarily
asaccurategnalysistechniqueghanthosetraditionally usedin off-line compilers[6, 7].
We have implementedall the techniqueglescribedn this paperin our experimentakcom-
piler Briki. Briki usesKaffe [8] asthe JIT compilerandimplementsthe optimizations
in arelatively machine-independemannersothatit canrun Java programson multiple
architecturegsuchasi386 or sparc).

2 OVERVIEW OF ARRAY TRANSFORMATIONS

Array transformationshangehelayoutof arrayelementsn memoryto increasahespatial
locality of the application. Spatiallocality benefitsapplicationby amortizingthe costof
fetchinga cachdine overthe usesof arrayelementco-locatedn thatcacheine.

As anexampleconsideranarraydeclaredas

double A[][] = new double[n][n;

The Java languagespecificatior{9] andthe Java Virtual Machinespecificatior{10] do
notdefinehow anarrayis beinglaid outin memory However, the naturalimplementation
of amulti-dimensionalava arraywould represenfA asshown in Figurel. Thisrepresen-
tationis usedby Kaffe andmary otherJava Virtual Machines.

In theloop nest

for(int i =0; i <m i++) {
for(int j =0; j <n; j++) {
o AT
}
}
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thereferenceo arrayA exhibits poor spatiallocality. Referenceso arrayelementsvhich
occupy consecutiewordsin memorye.g.,A[ 0] [ 0] andA[ 0] [ 1] , occurin consecutie
iterationsof the outerloop andareseparatethy a whole executionof theinnerloop which
accessemary wordsin memoryandis very likely to replacethe cacheline fetchedin the
previousiterationof theouterloop. In ourexample gventhoughthereferenceo Al 0] [ O]
would bring into the cachethe elementA[ 0] [ 1] , thereferenceo A[ 0] [ 1] in thenext
iterationof the outerloop would likely suffer the penaltyof a cachemiss.

Thereexisttwo techniquegor improving thespatiallocality of thereferencey j ] [ i ]
above: loop transformationsand array transformations.For the simple exampleabove,
eitherof thosetwo optimizationswvould help (assuminghat otherpartsof the programdo
notpreventusfrom applyingloop or datatransformation)However, we have demonstrated
in [4] thatnoneof thosetwo techniquesloneis sufficientfor mary scientificapplication.
Applicability of loop transformationss beyondthe scopeof this paper—we focushereon
arraytransformations.

Spatiallocality of theloop nestdiscussedn this sectioncanbeimprovedby anarray
transformatiorwhichtransposethetwo dimension®f A. Ouroptimizationsareperformed
in aJIT compilerwithoutaccesso the source put—for clarity—thetransformatiorcanbe
visualizedasrewriting the sourceas:

double A[][] = new double[m[n];

for(int i =0; i <m i++) {
for(int j =0; j <n; j++) {
AT -
}
}

The declaratiorof the arrayis changedaswell asall referenceso thatarray In the opti-
mizedcode two consecutieiterationsof theinnerloop acces&lement®f Awhichoccupy



consecutie wordsin memory For mostapplicationghis optimizationwill resultin fewer
cachemissesandthusa betterperformance.
Optimizationby dataremappingnustsolve two problems:

¢ Ensuringthelegality of anarraytransformationOur arraytransformationpermute

dimension®f multidimensionabrrayandthereforaequirethearraysto berectangu-
lar. However, unlikein Fortranor C, amultidimensionakrrayin Javadoesnotneed
to berectangularOur compilerprovesthatanarrayis initialized with a rectangular
shapeandthatit is notreshapediuringits lifetime.

The compilermustalso make surethatif anarrayis accessedia differentnames
dueto aliasing,all referencesisethe new, transformedype.

Findingthe optimalarraylayout. It is possiblethat differentreferenceso the same
arrayrequiredifferenttransformationsThe compilermustdeterminevhatis aglob-
ally optimaltransformatior{we do notallow dynamicreshapingf arrays).

Bothissuesareaddresseth the next section.

3

IMPLEMENT ATION

Performinghigh-level optimizationgn aJava JIT compileris moredifficult thanin atradi-
tional compiler Themainreasonsre:

e Much of the informationaboutprogramstructureis lost in the processof transla-

tion from Java sourceto bytecodes.This information(e.g.,multidimensionakrray
referencesmust be recoveredbeforeary optimizationscan be attempted. In our
particularimplementatiorthatrecoreryis evenmoredifficult since for performance
reasonswe have decidedo directly usethe Kaffe IR whichis evenlowerthanbyte-
codes.

Sincethecompileris beinginvokedeverytimetheprogramis beingrun, thespeedf
compilationis muchmorecritical andmary traditionalanalysisechniquesnustbe
replacedvith fasteralternatves. Suchnew algorithmsareproposedn this section.

Typically, to improve responséime, a JIT compilercompilesbytecoden demand
oneclassat a time or onemethodat a time (Kaffe usesthelatterapproach).There-
fore, optimizationswhich require global information are not possible(or at least
cannotbetrivially implemented).

Sinceour compileris embeddedn Kaffe we have decidedto useKaffe IR directly. A
brief overview of the Kaffe architectureis presentedn Section3.1. Briki performsthe
optimizationsn thefollowing steps:

1.

2
3.
4
5

Build a controlflow graph(CFG)for themethod.

. Find dominators.

Identify loops.

. Computedef-useinformation.

. Computeconstantvalues



6. Findloop-definedrariables

7. Identify multidimensionabkrrayswhich canbelegally remapped.
8. Find optimalmappings.

9. Remaparrays.

Therestof this sectionwill discussourimplementatiordecisionsfor theabove algorithm.

3.1 Kaffe architecture

Kaffe [8] is afreedIT implementatiorof the Java Virtual Machine!. Kaffe runson several
architecturesi386, Sparc Alpha,M68K. Thisis possiblebecaus&affe is designedo have
two parts:the machine-independefront-endwhich translatesytecodesnto a low-level
intermediateepresentatiorKaffe IR, anda machine-dependebtck-endvhichtranslates
Kaffe IR into therequiredmachindanguage.

Kaffe IR is designedo closelyresemblea modernmicroprocessoarchitecturesothat
writing a new back-ends relatively simple. Kaffe IR definesa virtual architecturewith
a very large numberof pseudorgisters(every local variableand every stacklocationis
mappedto a differentpseudorgister)andit containsinstructionsto move databetween
registeré or betweerregistersandmemory performarithmeticandlogical operationson
valuesin registers branchconditionallyto alabel, call a subroutinegtc.

Every back-endmustprovide a setof corevirtual machineinstructions. If a virtual
instructioncannotbe mappeddirectly to the target instructionset, it is implementedn
software. A back-endmay alsoimplementa subsebf optionalinstructionswhich will be
usedby Kaffe to implementsomebytecodesnoreefficiently.

A Kaffe IR (virtual) instructionis representedhternallyasasequence structurewith
apointerto the back-endunctionwhich takesasa parameten pointerto thesequence
andtranslatest into the targetinstructionset. The sequence structurealsocontainsall
operandgpseudorgisters constant®r labels)to thatvirtual instruction.

The translationprocessconsistsof two basicsteps. First the bytecodesaretranslated
by the front-endinto the Kaffe IR, thenthelist of the sequence structuress traversed
andevery back-endunctionis calledgeneratingnative code.

The developersof Kaffe are very good aboutreleasingupdatesto Kaffe. In the 14
monthssincethe Kaffe projectstartedtherehave been21 release®f Kaffe (for the ex-
perimentgescribedn this papermwe have usedversion0.8.3releasesn March21,1997),
or—on average—onevery 3 weeks. This causeda technicalproblemfor us, sincethe
mostconvenientandefficientway of implementingour optimizationswould involve mod-
ifying internaldatastructuresof Kaffe, but to keepin syncwith the updatesof Kaffe we
would have to memge our softwarewith the new Kaffe every threeweeksthus stretching
our resources.To avoid this problem,we have decidedto keepour optimizerasseparate
from Kaffe aspossible.While this madeour projectmanageablét resultedn extra over-
headsothin memoryandprocessingime. In thatlight we aregladthatour optimizations
are very fast(seeSection4 for timings), becausehereis room for additionalimprove-
mentwhich canbe achieved by a tighter integrationwith Kaffe. Main sourcesof those,
unnecessaryverheadsre

LKaffe canalsorun asaninterpreterbut we useit only in its JIT mode.
2Wewill usethetermsregister, pseudoggister andvariableinterchangeably



e Theneedto allocatea shadev datastructurefor every sequence structureto keep
additionalinformation neededduring optimization. Splitting the informationinto
two structuregesultsin lost spatiallocality andunnecessarindirection.

e Theneedto recognizandividualinstructiondn Kaffe IR. Sincethe only way to tell
whatinstructionis implementedy a givensequence structureis to comparethe
back-endfunction pointeragainsthe addressesf back-endunctionsextratime is
spentwherea singleinstructionwould sufiice if we changedKaffe IR to suit our
needs.

In thecurrentimplementationye let Kaffe front-endgeneratés IR (thesequence struc-
tures) thenwe invoke our optimizerwhich analyzesandtransformKaffe IR, andafterthe
optimizationis done wereturnto Kaffe andtheback-endranslateshe optimizedKaffe IR
forminto native code.Thatdesignmeanghattheonly changeo Kaffe sourcecodeneeded
to plug in our optimizeris the insertionof a singlefunction call just beforethe back-end
invocation.

3.2 Control Flow Graph

We build the CFGfor the Kaffe IR form of a methodby searchindgor thest ar t Bl ock
and endBl ock instructions. Thanwe use standardalgorithmsto find dominatorsand
identify loops[6]. Thosealgorithmstake aboutl0%of thetotal optimizationcost(compare
Figure2).

3.3 Computing def-useinformation

This stepcomputeslef-usanformationfor everybasicblock. Theoperationis very simple
and requiresvisiting every Kaffe IR instructionexactly onceto performa sequencef
simple bit operations. In our implementatiorthis the most expensve part of the array
transformatioroptimization(compare-igure?2).

Thelong time to performthis optimizationis an artifact of our software engineering
decisionexplainedin Section3.1. For relative independencef Briki from changesn
Kaffe we paytheprice of

e Theneedfor keepingashadav structurefor everyKaffe IR instruction(whichresults
in worsecacheutilizationandunnecessarindirectionin accessinghe structures).

¢ Veryslow codeto determinevhichregistersarebeingmodifiedin agiveninstruction.

We think thatthis time can be shortenedvhen Kaffe becomeanore stableand a tighter
integrationof Kaffe andBriki is easier

3.4 Computing constantvalues

For every arrayreferencave have to beableto identify which arrayallocationstatements
associateavith this reference Therearemary known algorithmsfor solvingthis problem
of readhing definitions Existingalgorithmsare not well suitedfor JIT compilationsince
they uselargeamountsof memoryto storethereachingdefinitionsinformation(e.g.,in the
form of bitmapsfor everyinstructionor ud-cains|[6]).

For our purposesve solve a simplerproblemwhich canbe computedasterandrepre-
sentedn amorecompactwvay. Therepresentationontainsonebit vectorperbasicblock.



The bit vectorrepresentgonstantvalueswith the following definition. A variablewv is
constant-aluefor abasicblock B if andonly if

1. visdefinedin B.

2. vis notdefinedin ary otherbasicblock.

3. v isusedonly in basicblocksdominatedby B.
4. v is notusedbeforeits definitionin B.

We only analyzeandpossiblytransformarrayswhich arestoredin constant-aluevari-
ables.Elementof thearraymayof coursebe modifiedmary times,but we make surethat
the variablecontainingthe pointerto the array handleis a constant-aluevariable. Note
thatthefactthatanarrayis storedin constant-aluevariabledoesnot sufiice to determine
if anarraytransformations legal. For examplea shapeof a2-D arraycouldbe changedy
changinghelengthof oneof therows, or arow couldbepassedsanargumentr returned
asaresult.We consenratively assumehatonly arrayswhich have beenallocatedasrectan-
gulararrays(usingthe constructcorrespondingo therrul t i anewar r ay bytecodeand
whoseall usesarereferencesisingall dimensionsanberemapped.

This conditionis sufficient becausdo changethe shapeof anarrayor to useanarray
in a way that dependson the mapping,a referenceto one of the subarraysvould have
to be used. E.g., for an 3-D arrayB, if all referencesiseall dimensionsi.e., areof the
form B[ expr]] [ expr?] [ expr3] , the mappingof the array cannotchangethe semantics
of the optimizedapplication. However, expressionf one of the following threeforms,
B[ exprl] [ expr2] , B[ exprl] , or B could potentially dependon the mappingandarrays
with expressiorthatdo notuseall dimensionsrenottransformedy Briki.

We canfind constant-alue arraysefficiently. For every arrayallocation,we notethe
variable v, thearrayis storedin, andthebasicblock B thatcontainghis allocationandwe
traverseall otherbasicblocksandmalke surethat

¢ v isnotdefinedand
e v is usedonly in basicblockswhich aredominatedoy B.

Theabove operationcanbeperformedasa singlescanof all basicblocksusingthe def-use
informationcomputedor everybasicblockin Section3.3. Duringthesamescanwe verify
thatall usesof v accesshearrayusingall its dimensions.

Note that for block B we have to traverseall its instructionsratherthanjust usethe
summarydef-usenformationcomputedor B in Section3.3.

3.5 Identifying loop-definedvariables

To analyzepreciselylocality propertiesof arrayreferencesontainedn loops,we would
have to determinewhich variablesareloop inductionvariablesandwhatis their stepfor
the correspondindoops. Again, this operationis expensve andwe have decidedto ap-
proximatethe notion of aninductionvariablewith a loop-definedrariable For aloop L,
a loop-definedvariableis ary variablewhich is definedin loop L. This simplificationis
justified by the following obsenation for variablesusedin array subscriptsan scientific
programsif suchavariableis assigned new valuein aloopthenthevalueof thatvariable
will usuallybedifferentin everyloopiterationandthevariablewill usuallybeaninduction
variablewith a unitarystep.



Loop-definedvariablescanbe identifiedin a singlescanof all basicblocks. For every
basicblock the setof variablesdefinedin this block is addedto the setof loop-defined
variabledor all (if arny) enclosindoops.Enclosingloopscanbeaccesseduickly because
every basicblock hasa pointerto theinnermostioop containingthis block andevery loop
hasa pointeranenclosingoop.

3.6 Recovering multidimensional array structure

Array transformationganbe only appliedto multidimensionakrrays. Multidimensional
arrayreferencesirepresenin the sourceprogram but thetranslatiorto bytecodedowers
theminto a sequencef one-dimensionateferences.Thosecan be corvertedbackinto
multidimensionateferencesvith thetechniquedrom our previouswork [1].

Thedimensiorrecoveryis moredifficult in the JIT versionof Briki. While in principle
we couldoperateon bytecodesfor reasongxplainedin Section3.1, we performour opti-
mizationson Kaffe IR whichis evenlowerthanbytecodesln Kaffe IR, anarrayreference
is corvertedto a sequencef low-level instructionslike memoryloads, register moves,
shifts andadditions. Briki analyzesachsuchsequencandrepresentst asa high-level
multidimensionakrrayreference.This high-level structureis not storedanywhere—itis
recomputedevery time it is needed.This approachresultsin a fastimplementation.For
cholesly, thetimeto ensurdegality of atransformationfinding the optimalmapping(Sec-
tion 3.7)andperformingthetransformatior{Section3.8) constitute®nly about20%of the
time spentin Briki.

3.7 Finding optimal mappings

Sincemultidimensionahrraysin the Kaffe VM arenotrepresentedscontiguougportions
of memory but ratherasarraysof 1-D arrays,we usea muchrestrictedsetof arraytrans-
formationsascomparedo the onefrom [4].

For everyarrayreferencave determinavhich subscriptontaindoop-definedrariables
of the innermostioop (or of the next enclosingloop, if the loop-definedvariablesof the
innermostioop arenot presenin ary subscript).

The bestmappingfor this arraywould make the dimensiorwhich correspondso this
subscriptheright-mostdimensiorto increasespatiallocality.

In ary realprogramit is very likely thattherewould be conflictsbetweerdesiredmap-
pingsfor differentarrayreferencesWe resohetheconflictsby assigningpriority to every
arrayreferenceThepriority is basedntheloop nesting—théigherthenestingthehigher
priority. This policy is adoptedsinceusuallythe statementsvith highernestingare exe-
cutedmoretimesthanstatementsvith lower nesting.Thisis of coursenotguaranteeand
in generalit is not possibleto predictat compile-timehow mary timesa given statement
will beexecuted.

In the caseof a conflictwe choosehe arraymappingpreferredby thegreateshumber
of referencesvith the highestpriority. For instanceif four is the highestpriority andthree
referencesvith priority four requiredimension0 in the right-mostpositionandonerefer
encewith thesamepriority requiresdimensionl in theright-mostpositionthendimension
0 is permutednto theright-mostposition.



3.8 Remappingarrays

Oncewe know which dimensionshouldbe permutedto the rightmostposition, remap-
pingis very simple. In this procesave usethe dataflav informationcalculatedn the step
describedn Section3.3.

4 EXPERIMENTS

For our array-basethenchmarksthe JIT versionof Briki performsthe sameoptimizations
asits off-line predecessofFurthermordor our datasetsthetime to performthe optimiza-
tionsjust-in-timeis severalordersof magnitudeshorterthanthetime to runthebenchmark,
eventhoughwe chosesmall (by scientificcomputingstandardsproblemsizes—nonef
our benchmarkgook more than 15sto complete. Sincethe overheadfor JIT optimiza-
tionsis sosmall,the speedupsareidentical(within threesignificantdigits) with theresults
publishedelsevhere[1] andrangefrom 10%to 20%.

Thespeedupsf Javabenchmarkarenotasgoodastheresultsof applyingthesameop-
timizationsto Fortranversionsof thesameprogramgthosewereashighas50%). Thiscan
be explainedby thelack of standardptimizationdn the pre-releaseersionof Kaffe used
in our experiments. The quality of codegeneratedy Kaffe will, undoubtfully improve
overtime. Thecurrentversionproducesrery poor codefor arrayreferencesFor example
the i386 instructionsequencdor a simplereferenceto a2-D array: a[i][j] contains
30instructionsincludingtwo branchegfor boundschecking)andten memoryreferences
(for accessewm arrayhandlesandregisterspills andreloads).A high-performancé&ortran
compilerwouldtranslateanarrayreferencdik e that(if i andj areloop variables)o one
or two instructionswith just one memoryreference—théoad of the arrayelement. Our
optimizationsreducethe costof this oneload, by increasinghe cachehit ratio for thisin-
struction.In thecodegeneratethy Kaffe this gainis dampenedby the costof theextranine
memoryreferencesind20 otherinstructionsvhicharenotimprovedby our optimizations.

To provide a bettercontext for the discussionn Section3, we presenheretimesspent
in variousstepsof our optimizer We ranthoseexperimentson a Linux computerwith a
200 MHz PentiumPro processar Someof the timesmeasuredy us weretoo shortfor
the granularityof standardJnix timing routines.To obtainaccurateesults,we have used
cycle countersdefinedby the Pentiumarchitecture. The resolutionof thosecounterswvas
morethansufficient for our needs.

Figure2 shavsthebreak-daovn of thearraytransformatiorime for thecholesky bench-
mark. Thetime representeth thefigure correspond$o lessthanhalf of thetotal JIT time
(if we includethetime of the Kaffe front- andback-ends)The absolutetime for thearray
transformatioroptimizationis 8.4ms.

Figure3 shavs the overheador performingarraytransformationgor Java versionsof
cholesly andmxm kernelsfrom the SPECCPU92Benchmarkg11]. Notethatwe have
increasedlatasizesso that the executiontimesare meaningful. For scientificcomputing
standardshe problemsizesarestill very small; ona200MHz PentiumProthe execution
timesare4sfor mxm and12sfor cholesly. However, the arraysizesarelarge enoughto
benefitfrom betterlocality.

Evenfor thosevery small problemsizes,the relative time spenton our optimizations
is completelynegligible—threeordersof magnitudeshorterthanthe time spenton useful
computation.Note thatthetime spentin Kaffe doing the translationis comparabldo the
time spentin Briki. Thetime attributedto Kaffe in Figure3 is largerbecauseve catejorize
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thestart-uptime andthetimeto loadall classfiles as“Kaffe overhead.

5 CONCLUSION

We have implementeda very fastalgorithmto decideandperforman optimizing transfor
mationwhich can significantly speedupexecutiontimes of mary scientificbenchmarks.
Currentlythe speeduparebetweenl0%and20%,but whenKaffe, the JIT compilerused
by us, will perform standardoptimizationswhich are absentin its currentversion, the
speedupshouldbe similarto theonesobsenedfor Fortranprograms—upo 50%.

Our previous experiencewith an off-line Java optimizer hasshavn that sometradi-
tional algorithmsusedin compilersaretoo slow for a JIT compilet We have proposed
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Figure3: Briki vs.kaffe
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andimplementedrasterways of performinganalysesieededor our optimizations. For
instancewe have replacedhe reading definitionwith constantvaluesandloop induction
variableswith loop-definedrariables As theresultour JIT compileris extremelyfast,so
thatits runningtime is negligible evenwhenthe datasetsusedwith our benchmarksesult
in executiontimesof only afew secondsTheimpactfor the samebenchmarksunningon
morerealisticproblemsizeswould be evensmaller
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