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SUMMARY

Our previousexperiencewith an off-line Java optimizer [1] hasshown that sometra-
ditional algorithms usedin compilersaretoo slow for a JIT compiler. In this paper we
proposeand implement faster waysof performing analysesneededfor our optimiza-
tions. For instancewehave replacedreachingdefinitionswith constantvaluesand loop
inductionvariableswith loop-definedvariables. As the resultour JIT compiler, Briki, is
very fast, sothat its running time is negligible even when the data setsusedwith our
benchmarksresult in executiontimesof only a few seconds.The impact for the same
benchmarksrunning on more realisticproblemsizeswould beevensmaller.

Curr ently the speedupsresulting fr om applying our optimizations are between
10% and 20%, but whenthe JIT compiler will perform standard optimizations which
areabsentin the curr ent versionof the JIT compiler usedby us, the speedupsshould
besimilar to the onesobserved for Fortran programs—upto 50%.

1 INTRODUCTION

Compilingscientificapplicationsrequiressophisticatedcompileroptimizations.Thoseop-
timizationsarecommonlyavailable in commercialcompilersfor languagestraditionally
usedfor highperformancecomputing.Thoselanguages(themostsuccessfulonesareFor-
tranand,to a smallerextend,C++) arecompiledoff-line into a stand-alonebinary. This
approachis differentfrom the dominantcompilationmodelfor Java in which the source
programis translatedinto machine-independentclass fileswhicharetheninterpretedor
dynamically(just-in-time)compiledinto thetargetmachinelanguage.

Many of theexisting high-performanceoptimizationscannotbeeasilyadaptedto just-
in-time(JIT) compilation.Thereasonsinclude:

� Sophisticatedoptimizationtechniquesconsumea lot of hardwareresources:CPU
timeandmemory.

�
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� Often, a global view of the programis necessary(whole-programoptimization[2,
3]).

In thispaperweaddresstheissueof performingoptimizationswhichareasgoodor al-
mostasgoodastraditionaloptimizationswhile runningmuchfasterandusinglessmemory.
For our studywe useanoptimizationstechniquecalleddatatransformations. In previous
work we have shown thatdatatransformationscanbevery effective in compilingFortran
or C programs[4]. Recentlywehaveadaptedthetechniquefor Javabytecodes[1, 5]. How-
ever, our previousexperimentswith optimizingJava bytecodeshave beenperformedwith
anoff-line compilerandthecompileralgorithmswerenotasfastasacompetitiveJIT com-
piler is expectedto be. To performdatatransformationswe needmoreprogramstructure
thanis directly availablein the bytecodes.Our previous implementationwasrecovering
full high-level structureof the original Java programbeforeapplyingany optimizations.
This high-level view of the input bytecodeswasrepresentedwith an intermediaterepre-
sentationcalledJavaIR. JavaIR is very high-level andsohigh-performanceoptimizations,
like dataremapping,canbeperformedvery efficiently. Unfortunately, our experiencehas
shown thatrecoveringfull structurefrom aclass file is veryexpensive. In ourimplemen-
tation,thetimeneededto convertbytecodesto JavaIRis anorderof magnitudelongerthan
the time to performthe optimizations.Sincemostthe high-level structureis not needed
to performdatatransformation,we have decidedto usea differentapproachin our JIT
optimizer.

This papershows how to performthesameoptimizationsasdescribedin [1, 5] while
recovering only as much structureas neededand using faster(althoughnot necessarily
asaccurate)analysistechniquesthanthosetraditionallyusedin off-line compilers[6, 7].
We have implementedall thetechniquesdescribedin this paperin our experimentalcom-
piler Briki. Briki usesKaffe [8] as the JIT compilerand implementsthe optimizations
in a relatively machine-independentmannerso that it canrun Java programson multiple
architectures(suchasi386or sparc).

2 OVERVIEW OF ARRAY TRANSFORMATIONS

Array transformationschangethelayoutof arrayelementsin memoryto increasethespatial
locality of the application.Spatiallocality benefitsapplicationby amortizingthe costof
fetchingacacheline over theusesof arrayelementsco-locatedin thatcacheline.

As anexampleconsideranarraydeclaredas

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

TheJava languagespecification[9] andtheJava Virtual Machinespecification[10] do
notdefinehow anarrayis beinglaid out in memory. However, thenaturalimplementation
of a multi-dimensionalJava arraywould representA asshown in Figure1. This represen-
tationis usedby Kaffe andmany otherJava Virtual Machines.

In theloopnest

for(int i = 0; i < m; i++)
�

for(int j = 0; j < n; j++)
�

... A[j][i] ...�
�
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Figure1: Internalrepresentationof a Javaarraydouble[n][m]

thereferenceto arrayA exhibits poorspatiallocality. Referencesto arrayelementswhich
occupy consecutivewordsin memory, e.g.,A[0][0] andA[0][1], occurin consecutive
iterationsof theouterloopandareseparatedby awholeexecutionof theinnerloopwhich
accessesmany wordsin memoryandis very likely to replacethecacheline fetchedin the
previousiterationof theouterloop. In ourexample,eventhoughthereferencetoA[0][0]
would bring into thecachetheelementA[0][1], thereferenceto A[0][1] in thenext
iterationof theouterloopwould likely suffer thepenaltyof a cachemiss.

Thereexist two techniquesfor improving thespatiallocalityof thereferenceA[j][i]
above: loop transformationsandarray transformations.For the simpleexampleabove,
eitherof thosetwo optimizationswould help(assumingthatotherpartsof theprogramdo
notpreventusfromapplyingloopor datatransformation).However, wehavedemonstrated
in [4] thatnoneof thosetwo techniquesaloneis sufficient for many scientificapplication.
Applicability of loop transformationsis beyondthescopeof this paper—wefocushereon
arraytransformations.

Spatiallocality of the loop nestdiscussedin this sectioncanbeimprovedby anarray
transformationwhichtransposesthetwo dimensionsof A. Ouroptimizationsareperformed
in aJIT compilerwithoutaccessto thesource,but—for clarity—thetransformationcanbe
visualizedasrewriting thesourceas:

double A[][] = new double[m][n];
...
for(int i = 0; i < m; i++)

�

for(int j = 0; j < n; j++)
�

... A[i][j] ...�
�

Thedeclarationof thearrayis changedaswell asall referencesto thatarray. In theopti-
mizedcode,two consecutiveiterationsof theinnerloopaccesselementsof Awhichoccupy

3



consecutivewordsin memory. For mostapplicationsthis optimizationwill resultin fewer
cachemissesandthusabetterperformance.

Optimizationby dataremappingmustsolve two problems:

� Ensuringthelegality of anarraytransformation.Our arraytransformationspermute
dimensionsof multidimensionalarrayandthereforerequirethearraystoberectangu-
lar. However, unlike in Fortranor C, amultidimensionalarrayin Java doesnotneed
to berectangular. Our compilerprovesthatanarrayis initializedwith a rectangular
shapeandthatit is not reshapedduringits lifetime.

The compilermustalsomake surethat if an arrayis accessedvia differentnames
dueto aliasing,all referencesusethenew, transformedtype.

� Findingtheoptimalarraylayout. It is possiblethatdifferentreferencesto thesame
arrayrequiredifferenttransformations.Thecompilermustdeterminewhatis aglob-
ally optimaltransformation(wedonotallow dynamicreshapingof arrays).

Both issuesareaddressedin thenext section.

3 IMPLEMENT ATION

Performinghigh-level optimizationsin aJavaJIT compileris moredifficult thanin atradi-
tionalcompiler. Themainreasonsare:

� Much of the informationaboutprogramstructureis lost in the processof transla-
tion from Java sourceto bytecodes.This information(e.g.,multidimensionalarray
references)mustbe recoveredbeforeany optimizationscan be attempted.In our
particularimplementationthatrecoveryis evenmoredifficult since,for performance
reasons,wehavedecidedto directlyusetheKaffe IR which is evenlower thanbyte-
codes.

� Sincethecompileris beinginvokedeverytimetheprogramis beingrun,thespeedof
compilationis muchmorecritical andmany traditionalanalysistechniquesmustbe
replacedwith fasteralternatives.Suchnew algorithmsareproposedin thissection.

� Typically, to improveresponsetime,a JIT compilercompilesbytecodeson demand
oneclassat a time or onemethodat a time (Kaffe usesthelatterapproach).There-
fore, optimizationswhich requireglobal information are not possible(or at least
cannotbetrivially implemented).

Sinceour compileris embeddedin Kaffe we have decidedto useKaffe IR directly. A
brief overview of the Kaffe architectureis presentedin Section3.1. Briki performsthe
optimizationsin thefollowing steps:

1. Build acontrolflow graph(CFG)for themethod.

2. Finddominators.

3. Identify loops.

4. Computedef-useinformation.

5. Computeconstantvalues.
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6. Find loop-definedvariables.

7. Identify multidimensionalarrayswhichcanbelegally remapped.

8. Findoptimalmappings.

9. Remaparrays.

Therestof thissectionwill discussour implementationdecisionsfor theabovealgorithm.

3.1 Kaffe architecture

Kaffe [8] is a freeJIT implementationof theJavaVirtual Machine� . Kaffe runsonseveral
architectures:i386,Sparc,Alpha,M68K. Thisis possiblebecauseKaffe isdesignedtohave
two parts:themachine-independentfront-endwhich translatesbytecodesinto a low-level
intermediaterepresentation,Kaffe IR, anda machine-dependentback-endwhich translates
Kaffe IR into therequiredmachinelanguage.

Kaffe IR is designedto closelyresemblea modernmicroprocessorarchitecturesothat
writing a new back-endis relatively simple. Kaffe IR definesa virtual architecturewith
a very large numberof pseudoregisters(every local variableandevery stacklocation is
mappedto a differentpseudoregister)and it containsinstructionsto move databetween
registers� or betweenregistersandmemory, performarithmeticandlogical operationson
valuesin registers,branchconditionallyto a label,call asubroutine,etc.

Every back-endmustprovide a setof corevirtual machineinstructions. If a virtual
instructioncannotbe mappeddirectly to the target instructionset, it is implementedin
software.A back-endmayalsoimplementa subsetof optionalinstructionswhich will be
usedby Kaffe to implementsomebytecodesmoreefficiently.

A Kaffe IR (virtual) instructionis representedinternallyasasequence structurewith
a pointerto theback-endfunctionwhich takesasa parametera pointerto thesequence
andtranslatesit into thetarget instructionset. Thesequence structurealsocontainsall
operands(pseudoregisters,constantsor labels)to thatvirtual instruction.

The translationprocessconsistsof two basicsteps.First thebytecodesaretranslated
by the front-endinto theKaffe IR, thenthe list of thesequence structuresis traversed
andeveryback-endfunctionis calledgeneratingnativecode.

The developersof Kaffe arevery goodaboutreleasingupdatesto Kaffe. In the 14
monthssincethe Kaffe projectstarted,therehave been21 releasesof Kaffe (for the ex-
perimentsdescribedin thispaperwehaveusedversion0.8.3releasedonMarch21,1997),
or—on average—oneevery 3 weeks. This causeda technicalproblemfor us, sincethe
mostconvenientandefficientway of implementingouroptimizationswould involvemod-
ifying internaldatastructuresof Kaffe, but to keepin syncwith theupdatesof Kaffe we
would have to mergeour softwarewith the new Kaffe every threeweeksthusstretching
our resources.To avoid this problem,we have decidedto keepour optimizerasseparate
from Kaffe aspossible.While this madeour projectmanageable,it resultedin extra over-
headsbothin memoryandprocessingtime. In thatlight wearegladthatouroptimizations
arevery fast (seeSection4 for timings), becausethereis room for additionalimprove-
mentwhich canbe achieved by a tighter integrationwith Kaffe. Main sourcesof those,
unnecessary, overheadsare

�
Kaffe canalsorunasaninterpreter, but weuseit only in its JIT mode.�
Wewill usethetermsregister, pseudoregisterandvariable interchangeably.
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� Theneedto allocatea shadow datastructurefor everysequence structureto keep
additionalinformationneededduring optimization. Splitting the information into
two structuresresultsin lost spatiallocality andunnecessaryindirection.

� Theneedto recognizeindividual instructionsin Kaffe IR. Sincetheonly way to tell
what instructionis implementedby a givensequence structureis to comparethe
back-endfunctionpointeragainsttheaddressesof back-endfunctionsextra time is
spentwherea single instructionwould suffice if we changedKaffe IR to suit our
needs.

In thecurrentimplementation,weletKaffe front-endgenerateits IR (thesequence struc-
tures),thenweinvokeouroptimizerwhichanalyzesandtransformsKaffe IR, andafterthe
optimizationis done,wereturnto Kaffe andtheback-endtranslatestheoptimizedKaffe IR
form into nativecode.Thatdesignmeansthattheonly changeto Kaffe sourcecodeneeded
to plug in our optimizeris the insertionof a singlefunctioncall just beforetheback-end
invocation.

3.2 Control Flow Graph

We build theCFGfor theKaffe IR form of a methodby searchingfor thestartBlock
andendBlock instructions. Than we usestandardalgorithmsto find dominatorsand
identify loops[6]. Thosealgorithmstakeabout10%of thetotaloptimizationcost(compare
Figure2).

3.3 Computing def-useinformation

Thisstepcomputesdef-useinformationfor everybasicblock. Theoperationis verysimple
and requiresvisiting every Kaffe IR instructionexactly onceto perform a sequenceof
simple bit operations. In our implementationthis the most expensive part of the array
transformationoptimization(compareFigure2).

The long time to performthis optimizationis an artifact of our softwareengineering
decisionexplainedin Section3.1. For relative independenceof Briki from changesin
Kaffe wepaythepriceof

� Theneedfor keepingashadow structurefor everyKaffe IR instruction(whichresults
in worsecacheutilizationandunnecessaryindirectionin accessingthestructures).

� Veryslow codetodeterminewhichregistersarebeingmodifiedin agiveninstruction.

We think that this time canbe shortenedwhenKaffe becomesmorestableanda tighter
integrationof Kaffe andBriki is easier.

3.4 Computing constantvalues

For everyarrayreferencewehaveto beableto identify whicharrayallocationstatementis
associatedwith this reference.Therearemany known algorithmsfor solvingthisproblem
of reaching definitions. Existingalgorithmsarenot well suitedfor JIT compilationsince
they uselargeamountsof memoryto storethereachingdefinitionsinformation(e.g.,in the
form of bitmapsfor every instructionor ud-chains[6]).

For ourpurposeswesolvea simplerproblemwhichcanbecomputedfasterandrepre-
sentedin a morecompactway. Therepresentationcontainsonebit vectorperbasicblock.
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The bit vector representsconstantvalueswith the following definition. A variable 	 is
constant-valuefor a basicblock 
 if andonly if

1. 	 is definedin 
 .

2. 	 is notdefinedin any otherbasicblock.

3. 	 is usedonly in basicblocksdominatedby 
 .

4. 	 is notusedbeforeits definitionin 
 .

Weonly analyzeandpossiblytransformarrayswhicharestoredin constant-valuevari-
ables.Elementsof thearraymayof coursebemodifiedmany times,but wemakesurethat
the variablecontainingthe pointerto the arrayhandleis a constant-valuevariable. Note
thatthefactthatanarrayis storedin constant-valuevariabledoesnot suffice to determine
if anarraytransformationis legal. For exampleashapeof a2-D arraycouldbechangedby
changingthelengthof oneof therows,or arow couldbepassedasanargumentor returned
asaresult.Weconservativelyassumethatonly arrayswhichhavebeenallocatedasrectan-
gulararrays(usingtheconstructcorrespondingto themultianewarray bytecode)and
whoseall usesarereferencesusingall dimensionscanberemapped.

This conditionis sufficient becauseto changetheshapeof anarrayor to useanarray
in a way that dependson the mapping,a referenceto oneof the subarrayswould have
to be used. E.g., for an 3-D arrayB, if all referencesuseall dimensions, i.e., areof the
form B[expr1][expr2][expr3], the mappingof the arraycannotchangethe semantics
of the optimizedapplication. However, expressionsof oneof the following threeforms,
B[expr1][expr2], B[expr1], or B could potentiallydependon the mappingandarrays
with expressionthatdonotuseall dimensionsarenot transformedby Briki.

We canfind constant-valuearraysefficiently. For every arrayallocation,we notethe
variable,	 , thearrayis storedin, andthebasicblock 
 thatcontainsthisallocationandwe
traverseall otherbasicblocksandmakesurethat

� 	 is notdefined,and

� 	 is usedonly in basicblockswhicharedominatedby 
 .

Theaboveoperationcanbeperformedasasinglescanof all basicblocksusingthedef-use
informationcomputedfor everybasicblockin Section3.3.Duringthesamescanweverify
thatall usesof 	 accessthearrayusingall its dimensions.

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

3.5 Identifying loop-definedvariables

To analyzepreciselylocality propertiesof arrayreferencescontainedin loops,we would
have to determinewhich variablesareloop inductionvariablesandwhat is their stepfor
the correspondingloops. Again, this operationis expensive andwe have decidedto ap-
proximatethenotionof an inductionvariablewith a loop-definedvariable. For a loop � ,
a loop-definedvariableis any variablewhich is definedin loop � . This simplificationis
justified by the following observation for variablesusedin arraysubscriptsin scientific
programs:if suchavariableis assignedanew valuein aloopthenthevalueof thatvariable
will usuallybedifferentin everyloopiterationandthevariablewill usuallybeaninduction
variablewith a unitarystep.
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Loop-definedvariablescanbeidentifiedin a singlescanof all basicblocks.For every
basicblock the setof variablesdefinedin this block is addedto the setof loop-defined
variablesfor all (if any) enclosingloops.Enclosingloopscanbeaccessedquickly because
everybasicblock hasa pointerto theinnermostloop containingthis blockandevery loop
hasa pointeranenclosingloop.

3.6 Recovering multidimensional array structure

Array transformationscanbeonly appliedto multidimensionalarrays.Multidimensional
arrayreferencesarepresentin thesourceprogram,but thetranslationto bytecodeslowers
theminto a sequenceof one-dimensionalreferences.Thosecanbe convertedback into
multidimensionalreferenceswith thetechniquesfrom ourpreviouswork [1].

Thedimensionrecoveryis moredifficult in theJIT versionof Briki. While in principle
wecouldoperateon bytecodes,for reasonsexplainedin Section3.1,weperformouropti-
mizationsonKaffe IR which is evenlower thanbytecodes.In Kaffe IR, anarrayreference
is convertedto a sequenceof low-level instructionslike memoryloads,registermoves,
shifts andadditions. Briki analyzeseachsuchsequenceandrepresentsit asa high-level
multidimensionalarrayreference.This high-level structureis not storedanywhere—itis
recomputedevery time it is needed.This approachresultsin a fastimplementation.For
cholesky, thetimeto ensurelegality of atransformation,findingtheoptimalmapping(Sec-
tion 3.7)andperformingthetransformation(Section3.8)constitutesonly about20%of the
timespentin Briki.

3.7 Finding optimal mappings

Sincemultidimensionalarraysin theKaffe VM arenot representedascontiguousportions
of memory, but ratherasarraysof 1-D arrays,we usea muchrestrictedsetof arraytrans-
formationsascomparedto theonefrom [4].

For everyarrayreferencewedeterminewhichsubscriptcontainsloop-definedvariables
of the innermostloop (or of the next enclosingloop, if the loop-definedvariablesof the
innermostlooparenotpresentin any subscript).

Thebestmappingfor this arraywould make thedimensionwhich correspondsto this
subscripttheright-mostdimensionto increasespatiallocality.

In any realprogramit is very likely thattherewouldbeconflictsbetweendesiredmap-
pingsfor differentarrayreferences.Weresolvetheconflictsbyassigningapriority to every
arrayreference.Thepriority is basedontheloopnesting—thehigherthenestingthehigher
priority. This policy is adoptedsinceusuallythe statementswith highernestingareexe-
cutedmoretimesthanstatementswith lowernesting.This is of coursenot guaranteedand
in generalit is not possibleto predictat compile-timehow many timesa givenstatement
will beexecuted.

In thecaseof a conflictwechoosethearraymappingpreferredby thegreatestnumber
of referenceswith thehighestpriority. For instance,if four is thehighestpriority andthree
referenceswith priority four requiredimension0 in theright-mostpositionandonerefer-
encewith thesamepriority requiresdimension1 in theright-mostpositionthendimension
0 is permutedinto theright-mostposition.
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3.8 Remappingarrays

Oncewe know which dimensionshouldbe permutedto the rightmostposition, remap-
ping is very simple. In this processwe usethedataflow informationcalculatedin thestep
describedin Section3.3.

4 EXPERIMENTS

For ourarray-basedbenchmarks,theJIT versionof Briki performsthesameoptimizations
asits off-line predecessor. Furthermorefor ourdatasetsthetime to performtheoptimiza-
tionsjust-in-timeis severalordersof magnitudeshorterthanthetimeto runthebenchmark,
even thoughwe chosesmall (by scientificcomputingstandards)problemsizes—noneof
our benchmarkstook more than15s to complete. Sincethe overheadfor JIT optimiza-
tionsis sosmall,thespeedupsareidentical(within threesignificantdigits)with theresults
publishedelsewhere[1] andrangefrom 10%to 20%.

Thespeedupsof Javabenchmarksarenotasgoodastheresultsof applyingthesameop-
timizationsto Fortranversionsof thesameprograms(thosewereashighas50%).Thiscan
beexplainedby thelackof standardoptimizationsin thepre-releaseversionof Kaffe used
in our experiments.The quality of codegeneratedby Kaffe will, undoubtfully, improve
over time. Thecurrentversionproducesverypoorcodefor arrayreferences.For example
the i386 instructionsequencefor a simplereferenceto a 2-D array: a[i][j] contains
30 instructionsincludingtwo branches(for boundschecking)andtenmemoryreferences
(for accessesto arrayhandlesandregisterspillsandreloads).A high-performanceFortran
compilerwould translateanarrayreferencelike that(if i andj areloop variables)to one
or two instructionswith just onememoryreference—theload of the arrayelement.Our
optimizationsreducethecostof this oneload,by increasingthecachehit ratio for this in-
struction.In thecodegeneratedby Kaffe thisgainis dampenedby thecostof theextranine
memoryreferencesand20otherinstructionswhicharenot improvedby ouroptimizations.

To providea bettercontext for thediscussionin Section3, wepresentheretimesspent
in variousstepsof our optimizer. We ran thoseexperimentson a Linux computerwith a
200 MHz PentiumPro processor. Someof the timesmeasuredby us weretoo shortfor
thegranularityof standardUnix timing routines.To obtainaccurateresults,we have used
cycle countersdefinedby thePentiumarchitecture.Theresolutionof thosecounterswas
morethansufficient for ourneeds.

Figure2 showsthebreak-downof thearraytransformationtimefor thecholesky bench-
mark.Thetime representedin thefigurecorrespondsto lessthanhalf of thetotal JIT time
(if we includethetimeof theKaffe front- andback-ends).Theabsolutetime for thearray
transformationoptimizationis 8.4ms.

Figure3 shows theoverheadfor performingarraytransformationsfor Java versionsof
cholesky andmxm kernelsfrom the SPECCPU92Benchmarks[11]. Note that we have
increaseddatasizesso that theexecutiontimesaremeaningful.For scientificcomputing
standardstheproblemsizesarestill verysmall: on a 200MHz PentiumProtheexecution
timesare4s for mxm and12sfor cholesky. However, thearraysizesarelargeenoughto
benefitfrom betterlocality.

Evenfor thosevery small problemsizes,the relative time spenton our optimizations
is completelynegligible—threeordersof magnitudeshorterthanthetime spenton useful
computation.Notethat thetime spentin Kaffe doingthetranslationis comparableto the
timespentin Briki. Thetimeattributedto Kaffe in Figure3 is largerbecausewecategorize
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5 CONCLUSION

We have implementeda very fastalgorithmto decideandperformanoptimizingtransfor-
mationwhich cansignificantlyspeedupexecutiontimesof many scientificbenchmarks.
Currentlythespeedupsarebetween10%and20%,but whenKaffe, theJIT compilerused
by us, will perform standardoptimizationswhich are absentin its currentversion, the
speedupsshouldbesimilar to theonesobservedfor Fortranprograms—upto 50%.

Our previous experiencewith an off-line Java optimizerhasshown that sometradi-
tional algorithmsusedin compilersare too slow for a JIT compiler. We have proposed
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and implementedfasterwaysof performinganalysesneededfor our optimizations. For
instancewe have replacedthereachingdefinitionwith constantvaluesandloop induction
variableswith loop-definedvariables. As theresultour JIT compileris extremelyfast,so
thatits runningtime is negligible evenwhenthedatasetsusedwith ourbenchmarksresult
in executiontimesof only a few seconds.Theimpactfor thesamebenchmarksrunningon
morerealisticproblemsizeswouldbeevensmaller.
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