
Submittedto Third InternationalWorkshoponPersistenceandJava

Swizzle barrier optimizations for orthogonal persistence in Java

Kumar Brahnmath1 Nathaniel Nystrom1 Antony Hosking1 Quintin Cutts2

1Departmentof ComputerSciences
PurdueUniversity

WestLafayette,IN 47907-1398,USA�
hosking,nystrom,brahnmat � @cs.purdue.edu

2Departmentof ComputingScience
Universityof Glasgow

Glasgow G128QQ,Scotland
quintin@dcs.gla.ac.uk

June5, 1998

Abstract

Swizzlingrefersto thetranslationof objectreferencesfrom anexternal,persistentformatto
an internal, transientformat usedduring applicationexecution. Eager swizzling schemes
translateall the referencescontainedby objectsasthey aremaderesident.Lazyswizzling
schemesdefer translationof referencesuntil they are loadedfrom their container. Eager
swizzlinghastheadvantageof presentinga uniformly swizzledrepresentationof references
to the executionengine,at the costof up-front translationof referencesthat may never be
used.Lazy swizzlingavoids this cost,but requiresa run-timecheckthat we call a swizzle
barrier to detectandconvert unswizzledreferencesasthey areaccessed.Lazy swizzlingis
mostoftenusedin situationswhereaccessesarelikely to besparseandtheup-frontcostof
eagerswizzling is prohibitive. For example,large containers,suchasarrays,may contain
many thousandsof references,only a fractionof which areever actuallyaccessed,let alone
usedto accesstheir target. Thus, lazy swizzling of arraysmakessenseeven while other
typesof objectsareeagerlyswizzled,in whichcaseeveryarrayaccessmustbeprotectedby
a swizzlebarrier. Many, if not most,of thesebarrierswill occurin thebodiesof loopsthat
iteratethroughtheelementsof arrays.Here,we describehow to hoist loop-nestedswizzle
barriersinto one inclusive barrier operationthat can be performedoutsidethe loop, and
which swizzlesthe subsetof arrayelementsaccessedin the loop body. Our approachto
arrayswizzlebarrieroptimizationis basedon loop inductionvariable analysis. We have
implementedthis approachfor the PJamaprototypeof orthogonalpersistencefor Java. In
experimentswith several benchmarkapplicationsour optimizationsreducethe numberof
swizzlebarriersexecutedby anaverageof 66%.

1 Introduction

Persistentprogramminglanguagesmanagevolatile memoryasa cachefor stablestorageandhide the
detailsof stablestorageunderneaththe abstractionof persistence[Atkinson andMorrison 1995]. Or-
thogonalpersistencepresentsthis abstractionfor all objectsuniformly, regardlessof their type. Object
referencesin stablestoragearerepresentedassomesortof persistentidentifier (PID). To minimizethe
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costsof frequenttranslationfrom PIDs to in-memorypointers,persistentsystemsmay convert inter-
object referencesfrom their PID format to a moreefficient internal representationthat cachesthe re-
sulting translationfor future use. Conversionof PIDs in this way is termedswizzling[Moss 1992].
Thus,swizzlinghastwo costsassociatedwith it: timerequiredfor translationandspacefor cachingthe
translation.

Persistentsystemsoftenchooseto swizzleeagerly andpaytheswizzlingoverheadup-frontby trans-
lating all PIDsin anobjectwhenthatobjectis fetchedinto volatilememory. In this casecompiledcode
will neverseeunswizzledreferences.However, for containerobjects,suchaslargearrays,whichcontain
a largenumberof referencesthatareonly sparselyaccessed,eagerswizzlingmayprove unneccessarily
expensive. Swizzling arrayslazily avoids the up-front overheadby deferringconversionof arrayele-
mentsuntil they areaccessed.In thiscase,sincearrayelementsarenotalwaysswizzled,everyaccessto
anarrayelementrequiresarun-timecheckthatwecall aswizzlebarrier to detectandconvertunswizzled
referencesasthey areaccessed.Subsequentaccessescontinueto incur thecostof thebarrier.

Orthogonalpersistenceinducesadditionalbarrierson objectaccesses.Sincea givenreferencemay
point to a transientobject,a residentpersistentobjector a non-residentpersistentobject,every access
mustalsocheckthat the target of the accessis resident.A readbarrier checksto seeif the object is
resident,andretrievesit from stablestorageif not. Similarly, updatesrequirea write barrier to mark
theobjectasmodifiedfor subsequenttransferbackto stablestorage.Our relatedpaper[Hoskingetal. ]
considerstheissueof optimizingreadandwrite barriersvia partialredundancy eliminationover access
expressions.

Our focusin this paperis theremoval of redundantarrayswizzlebarriers.Sincearraysaretypically
accessedin loops,many swizzlebarriersoccurin thebodiesof theseloops.Ouroptimizationapproachis
to exposeandhoistswizzlebarriersoutof loopbodiesin theform of asingleoperationthatswizzlesthe
entirerangeof referencesat once,beforetheloop is entered.Thetransformationis drivenby induction
variableanalysisto determinetheupperandlowerboundsof theloop index variableaswell asaclosed
form expressionfor thevalueof theinductionvariableateachiterationof theloop.

2 Analysis and optimization

This sectiondescribesour analysisandoptimizationframework for arrayswizzlebarrieroptimizations,
adoptingstandardterminologyandnotationsusedin thespecificationof theJavaprogramminglanguage
to specify the analysisandoptimizationproblem,andgiving sufficient backgroundto understandthe
approach.

2.1 Terminology and notation

The following definitionsparaphrasethe Java specification[Gosling et al. 1996]. An object in Java is
eithera classinstanceor anarray. Referencevaluesin Java arepointers to theseobjects,aswell asthe
null reference.Bothobjectsandarraysarecreatedby expressionsthatallocateandinitialize storagefor
them.Theoperatorsonreferencesto objectsarefield access,methodinvocation,casts,typecomparison
( �������
	�����
���� ), equalityoperatorsandthe conditionaloperator. Theremay be many referencesto the
sameobject. Objectshave mutablestate,storedin thevariablefieldsof classinstancesor the variable
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elementsof arrays.Two variablesmayrefer to thesameobject: thestateof theobjectcanbemodified
throughthereferencestoredin onevariableandthenthealteredstateobservedthroughtheother. Access
expressionsrefer to the variablesthat comprisean object’s state. A field accessexpressionrefersto a
field of someclassinstance,while anarrayaccessexpressionrefersto acomponentof anarray. Table1
summarizesthe two kinds of accessexpressionsin Java. We adoptthe term accesspath [Larus and
Hilfinger 1988; Diwan et al. 1998] to meana non-emptysequenceof accesses,asspecifiedby some
accessexpressionin thesourceprogram.For example,theJava accessexpressiona � b � i ��� c is anaccess
path.Also, without lossof generality, our notationwill assumethatdistinctfieldswithin anobjecthave
differentnames.

Table 1: Access expressions

Notation Name Variableaccessed

p ��� Fieldaccess Field � of classinstancereferredto by p
p � i � Array access Componentwith subscripti of arrayreferredto by p

2.2 Barriers

In anorthogonallypersistentimplementationof Javaaccessexpressionsmayreferto bothpersistentand
transientobjects. Thus,every accessto an arrayof referencesmustbe protectedby a swizzlebarrier
appliedto the arrayelementbeingaccessed.For example,in the absenceof optimizations,the access
patha � b � i ��� c would requirea swizzlebarrierto protectthereferenceto the ith componentof b. It would
alsorequirereadbarrierson theclassinstancereferredto by a, thearrayreferredto by b andtheobject
referredto by the ith componentof b. If theexpressionappearsasthetargetof anassignment,thenthe
objectreferredto by a � b � i � wouldalsorequireawrite barrier.

Table 2: Barrier expressions

Notation Name Description

read� p� Readbarrier Apply readbarrierto, andreturn,
objectreferredto by p

write � p� Write barrier Apply write barrierto, andreturn,
objectreferredto by p

swizzle� p � i � Swizzlebarrier Apply swizzlebarrierto thecomponent
of arrayp with subscripti

swizzleRange � p � i � j � Rangeswizzle Apply swizzlebarrierto components
barrier of arrayp with subscriptsin therange[i, j]

A barrieris redundantif we canguaranteethatanearlierbarrierof thesamekind hasalreadybeen
appliedto thesameobject,andthat the earlierbarrier’s side-effect (e.g.,to fault or dirty theobject,or
to swizzlethereference)hasnot beenundone(i.e., thebarrieris idempotent). This hasimplicationsfor
the interactionof barrieroptimizationswith the persistencerun-timesystem,which mustnot undothe
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effectof abarrierwhile optimizedcodedownstreamof thebarriercanstill execute.Solvingthisproblem
requiresa contractbetweentheoptimizerandtherun-timesystemfor eachkind of barrier. Thecontract
will dependon the specificsof the implementationso we deferdiscussionof this issueto Section3,
whichpresentsour implementationfor PJama.Cuttsetal. [1998]considertheissuefrom theperspective
of therun-timesystem.

Our goal is to avoid applyingread,write andswizzlebarriersto accesseswhereprogramanalysis
showsthatthebarrieris redundant.Weeliminateredundantreadandwrite barriersby partialredundancy
elimination[Morel andRenvoise1979]over accesspathexpressions[Nystromet al. ; Hoskinget al. ].
In this paperwe describeanapproachthateliminatesloop-nestedswizzlebarriersbasedon analysisof
loop inductionvariables.Beforewecaneliminateredundantbarrierswemustmake themexplicit in the
accesspathsandthenapplysomedefinitionof redundancy. Makingbarriersexplicit meansobtainingfor
thesourcecodeaccessexpressionanintermediaterepresentation(IR) in which thebarriersareexposed.
Optimizationsthenoperateon theIR to remove redundantbarriers.Thus,we addbarrierexpressionsto
theoriginalspecificationof accessexpressionsgivenin Table1. Thespecificationfor barrierexpressions
appearsin Table2. For eachsourcecodeaccessexpressionTable3 givestheform of thecorresponding
explicit-barrierIR.

Table 3: Intermediate representation for access expressions

Source Intermediaterepresentation
Readaccess Write access

p ��� read� p����� write � read� p�������
p � i � � t  read� p� ; swizzle� t � i � ; t � i �!� write � read� p���"� i �

2.3 Range swizzle optimization

Containerobjectssuchasarrays,aretypically swizzledlazily, requiringtheinsertionof swizzlebarriers.
Sincearraysaretypically accessedin loops,theseswizzlebarriersendup in thoseloopbodies.Oftenan
arrayelementlike a � i � is accessedrepeatedlyin thebodyof sucha loop. Any suchrepeatedreference
must be protectedby a swizzle barrier as shown in Figure 1(a). Suchrepeatedswizzle barriersare
redundantandcanbe recognizedandremoved by programoptimizationssuchas partial redundancy
eliminationoveraccessexpressions[Nystromet al. ; Hoskinget al. ]. But not all swizzlebarriersin the
bodyof suchaloopareredundant.For example,in Figure1(a)analysismayfind thatthesecondswizzle
barrieris redundantbecauseit is appliedto thesameelementa � i � in bothcasesandcanberemoved.

Thefirst swizzlebarrieris not redundantandremainsaseriousoverheadto executionof theloop. To
remove thatswizzlebarrierit mustbemaderedundantby performinga rangeswizzlebarrieroperation
outsidetheloop. To dothis,weneedto determinetherangeof arrayelementsbeingaccessed,sowecan
swizzlejust that rangeof referencesbeforeenteringthe loop. To determinetheaccessrange,we must
find loopsthataccessarraysof referencesanddeterminetheboundsof eachloop. If thelowerboundof
a loop traversingarraya is foundto be l , andtheupperboundis found to beu, thenwe caninsertthe
operationswizzleRange# a $ l $ u% outsidetheloopasshown in Figure1(b). Thisenablestheeliminationof
swizzlebarrierson thecomponentsof arraya from thebodyof theloop.
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i & 1
while i ' n do

�"�"�
swizzle# a $ i %
e & a � i ��� x
�"�"�
swizzle# a $ i %
f & a � i �(� y
�"�"�
i & i ) 1

end

(a)Before

i & 1
swizzleRange# a $ 1 $ n%
while i ' n do

�*�"�
e & a � i ��� x
�*�"�
f & a � i ��� y
�*�"�
i & i ) 1

end

(b) After

Figure 1: Range swizzle optimization

2.4 Induction variables

Inductionvariablesareprogramvariableswhosesuccessive valuesform a definitepatternover some
partof a program,usuallya loop [Muchnick1997].They belongto a broadergroupof variablesknown
assequencevariableswherethepatternmaybelinear, polynomial,geometric,wrap-around,periodicor
monotonic[Gerleketal.1995].Detectinglinearsequencevariablesis thefirststeptowardsimplementing
arrayrangeswizzleoptimizations.

2.5 Loops and loop inversion

A loop is a stronglyconnectedcomponentof the control flow graph. The loop headeris the block
within theloop thatdominatesall otherblocksin theloop. Whenhoistingswizzlebarriersout of loops,
caremustbetaken to hoist the rangeswizzlebarrierto a positionwhereit will beexecutedonly if the
loop is executed.Severalloop transformationsperformedon thecontrolflow graph(CFG)provide safe
placesto hoist the barrier. The first insertsa new block calledthe pre-header, which hasan out-edge
only to theheader, andwhosein-edgesarethosethatformerlyenteredtheheaderfrom outsidetheloop.
Similarly, apost-bodyblockcanbeinserted,with anout-edgeonly to theheader, andwhosein-edgesare
thosethat formerly enteredtheheaderfrom insidetheloop. Thesecondtransformation,known asloop
inversion, amountsto convertingeachwhile loop into a do-while loop. For example,considertheloop
in Figure2(a)andits correspondingcontrol-flow graphin Figure2(b). Figure2(c) shows thesameloop
afterpre-header/post-bodyinsertionandinversion.Theseprovideasafeplaceto hoisttherangeswizzle
checkasshown in Figure2(d).

2.6 SSA form

Staticsingleassignment(SSA)form is an intermediaterepresentationthatprovidesa compactform of
variabledefinition anduseinformation. In this form, eachuseof a programvariablehasexactly one
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i & 1
while i ' n do

�*�"�
swizzle# a $ i %
e & a � i ��� x
�*�"�
i & i ) 1

end

(a)A simpleloop

swizzle+ a , i -
e . a / i 0!1 x

i . i 2 1

Post-Body

Exit

F T

Pre-Header

i . 1

i 3 n

(b) Its CFG

Pre-Header 4

Pre-Header

swizzle+ a , i -
e . a / i 051 x

i . i 2 1

Post-Body

Exit

F T

F T
i 3 n

i . 1

i 3 n

(c) Its CFGafterinversion

Pre-Header 4

i . i 2 1

Post-Body

Exit

F T

F T

i 3 n

e . a / i 051 x

i . 1

i 3 n

swizzleRange+ a , 1 , n-

(d) Its CFGafterhoisting

Figure 2: Loop inversion and hoisting
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i & 1
do

if i 6 n
exit

end
�"�"�
i & i ) 1

end

(a)A loop

i0 & 1
do

i1 & φ # i0 $ i2 %
if i1 6 n0

exit
end
�"�"�
i2 & i1 ) 1

end

(b) Its SSArepresentation

Figure 3: Loop representation in SSA form

correspondingreachingdefinition.Wheredistinctdefinitionsof avariablemergeatconfluencepointsin
theCFG,operatorscalledφ-functionsareintroducedto “merge” eachof thereachingdefinitionsat that
point. Theφ-functionin turnservesasadefinitionpoint. Uniquedefinitionsof avariablearerepresented
by subscripting.A loopandits correspondingSSAform areshown in Figure3. WeusetheSSAform of
programrepresentationin our inductionvariableanalysis.

2.7 The demand-driven SSA graph

Our inductionvariableanalysisframework is basedon the demand-driven SSA representationof the
CFG.Insteadof thetraditionaldef-usechains[Aho etal. 1986],demand-drivenSSAform usesfactored
use-def(FUD) chains[Stolzetal. 1994;Wolfe 1996]. In this format,usesandφ-functionshavepointers
to thecorrespondingdefinitionof thevariable.For thepurposeof recognizinginductionvariables,merge
operatorsthatoccurat loopheadersneedto bedistinguishedfrom thosethatoccurasaresultof forward
branching.Within loop headers,mergesof multiple definitionsof a variablearehandledby µ-functions
insteadof φ-functions.Thesemanticsof theµ areessentiallythesameastheφ, with two differences:

7 Thearity of a µ-function is alwaystwo sincepre-headerandpost-bodyblocksareaddedto each
loopasdescribedin Section2.5.

7 Oneof thereachingdefinitionsattheµwill alwaysbefrom within thebodyof theloop(theinternal
ssalink) andtheotherwill alwaysbefrom outsidetheloop(theexternalssalink).

The SSAgraph is an abstractionrepresentingthe operationswithin the SSA form of the program.
TheCFGandSSAgraphsfor theloop in Figure3(b) areshown in Figure4. Theuse-defchainform, as
opposedto thetraditionaldef-usechainform,findsthereachingdefinitionatagivenuseby following the
links from theusebackward,againstthedataflow. Onarecursivetraversalof theSSAgraph,eachuseis
saidto demandthevalueof theearlierdefinition. We usethis propertyin our demand-driveninduction
variableanalysis.
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Post-Body

Exit

definei0

if

usen0usei1

8

F

usei1 1

2

definei2

i1 . µ + i0 , i2 -

1

T

Figure 4: Demand-driven SSA graph

2.8 Demand-driven induction variable analysis

Demand-driven inductionvariableanalysis(DIVA) is basedon factored use-def(FUD) chains[Stolz
etal. 1994;Wolfe 1996],ademand-drivenrepresentationof thepopularSSAform. In thisform,strongly
connectedcomponentsof theassociatedSSAgraphcorrespondtosequencesin theprogram[Gerleketal.
1995].

ObservetheSSArepresentationof i in Figure3(b)andin Figure4. Beginningat theµdefiningi1, the
externalssalinkdefinesthevalueof i1 onthefirst iterationof theloop. Onsubsequentiterationsthevalue
of i1 is definedby theinternalssalinkto thedefinitionof i2 atthestatementi2 & i1 + 1. Thisstatementin
turnobtainsthevalueof i1 from theµ above. Thustheseedgesform acyclewhichrepresentstheflowof
i aroundtheloop. Thevariablei is now identifiedasasequencevariablesinceit is definedasa function
of itself onapreviousiteration.Also, wecandefinethesequenceexpressionfor i asa linearfunctionof
thebasicloopcounter, h. Thevariablei2 is equalto h ) 1, whichgivesusthesequenceexpression.

Determiningsymbolicexpressionsfor sequencevariablesis a two stepprocess:

1. The sequencevariablesarefound by partitioninga graphrepresentationof the programin SSA
form into stronglyconnectedcomponents.

2. The nodesin eachcomponent(sequence)areassignedsymbolicexpressionsdescribingthe se-
quenceform, suchastheclosedformsin termsof theloop counterh.
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for # exp1; exp2; exp3 % do
stmt

end

Figure 5: A well-behaved loop

Eachstronglyconnectedcomponent(SCC)correspondsto a loop-invariantvalue(viewed asa trivial
sequence),a propersequenceform or an unknown sequenceform. The sequencetype andexpression
for agivencomponentaredependenton thesequencetypesandexpressionsof thosevariablesthey use.
Thusany givencomponentwill first demandtheclassificationof any componentsit requiresfor its own
classification.This demand-driven processis accomplishedby usingTarjan’s algorithmfor detecting
SCCsin directedgraphs[Tarjan1972]. This algorithmhasthepropertythatSCCsarevisitedonly after
visiting all descendantcomponentsin thegraph;thus,a directedacyclic graphof componentsis formed
andprocessedin postorderduringadepth-firsttraversal.

Herewe consideronly theclassof well-behavedloops[Muchnick1997].With referenceto theloop
in Figure5,awell-behavedloopis onein whichexp1 assignsavalueto aninteger-valuedvariablei, exp2
comparesi to a loop constant,exp3 incrementsor decrementsi by a loop constant,andstmtcontains
no assignmentsto i. Other loops like 9;:<�>=>
 and ?@�BA�9B:<�>=B
 loopswhich follow the samesemantics
as the �@��C loop in Figure5 arealsoconsideredto be well-behaved. The inductionvariablesof such
well-behavedloopshavea linearpattern.

Our goal is to reducethenumberof swizzlebarriersexecuted.As explainedpreviously, we needto
find the boundsof an inductionvariablethat is beingusedto traversea given loop in the program.A
sequencevariablecanbeidentifiedaslinear if theoperationsin thecomponentconsistof uses,definitions
andadditionsor subtractionsof loop-invariantvaluesor otherlinearvariables.TheSCCdefiningalinear
sequencewill beasimplecycle,sincetheinductionvariablemayonly appearonceontheright-handside
of theexpression.

To hoistout swizzlebarriersfrom loops,all thestronglyconnectedcomponentsin theprogramare
determined.Trivial componentswhich areloop-invariantareexcluded. Componentswhich represent
well-behavedloopsarerecognizedandtheinductionvariablei is identified.As explainedpreviously, the
externalssalinkof theµ-functionin theloop headerprovidestheexpressioninit which wasassignedto
i outsidethe loop. By recognizingtheconditionwhich terminatesthe loop, theexpressiontermwhich
is thelastvalueassignedto i canbefound. If theloop is traversinganarray, a rangeswizzleinstruction
with the range[init, term] canbe insertedinto the pre-headerasshown in Figure2(d). Any swizzle
barrierusingi to swizzlea componentof thearraywithin thebodyof the loop is thusmaderedundant
andcanberemovedfrom theprogram.

3 Implementation

Our implementationusesbytecode-to-bytecodeclasstransformationto apply the DIVA techniquefor
rangeswizzleoptimizationsfor executionon a modifiedversionof the PJama[Atkinson et al. 1996]
virtual machine.
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3.1 Bytecode-to-bytecode class transformation

TheJavavirtual machine(VM) specification[Lindholm andYellin 1996]is intendedastheinterfacebe-
tweenJavacompilersandJavaexecutionenvironments.Its standardclassformatandinstructionsetper-
mit multiple compilersto inter-operatewith multiple VM implementations,enablingthecross-platform
delivery of applicationsthat is Java’s hallmark. Conformingclassfiles generatedby anycompilerwill
run in any Java VM implementation,no matterif that implementationinterpretsbytecodes,performs
dynamic“just-in-time” (JIT) translationto native code,or precompilesJava classfiles to native ob-
ject files. TargetingcompiledJava classesfor analysisandoptimizationhasseveraladvantages.First,
programimprovementsaccrueeven in the absenceof sourcecode,andindependentlyof the compiler
andVM implementation.Second,Java classfiles retainenoughhigh-level type informationto enable
advancedoptimizations.Finally, analyzingandoptimizingbytecodecanbeperformedoff-line, permit-
ting JIT compilersto focuson fastcodegenerationratherthanexpensive analysis,while alsoexposing
opportunitiesfor fastlow-level JIT optimizations.

We have implementeda bytecode-to-bytecodeclasstransformerthat performspartial redundancy
eliminationover accessexpressionsin Java. Our implementation,calledBLOAT (for Bytecode-Level
OptimizationandAnalysisTool) takescompiledJavaclassesadheringto theJavaVM specificationand
generatestransformedclassesasoutput.For eachmethod,BLOAT first buildsacontrol-flow graph,with
an expressiontreefor eachbasicblock, theninfers the typesof local variablesandthe operandstack
at eachpoint in thecode[Palsberg andSchwartzbach1994],constructsan intermediaterepresentation
basedon static single-assignment(SSA) form [Cytron et al. 1991; Wolfe 1996; Briggs et al. 1997],
performsSSA-basedvaluenumbering[Briggs et al. 1997] with TBAA, followed by SSA-basedPRE
[Chow etal.1997],andfinisheswith generationof new Javabytecodesfor themethod.NotethatBLOAT
is astand-alonetool thatcanbeusedto optimizeJavaclassesindependentlyof VM implementation.The
DIVA techniquehasbeenaddedasaseparatepassover thecontrol-flow graph,justbeforethefinal code
generationphase,to hoistarrayswizzlebarriersoutof loops.

3.2 Optimizations for PJama

PJama[Atkinson et al. 1996] is a prototypeimplementationof orthogonalpersistencefor Java being
developedjointly by SunMicrosystemsLaboratoriesandGlasgow University. ThePJamaVM is based
on the SunJava DevelopmentKit (JDK) VM andconformsto the Java VM specification;it executes
classescompiledto thestandardbytecodeinstructionsetandclassfile format.Persistencefunctionality
is providedby anextendedAPI, extensionsto theVM for read,write andswizzlebarriers,andassociated
run-timesupport.In thecurrentreleaseof PJama,theswizzlebarrieris hiddenin theimplementationof
the 	D	�=;�>	>? bytecode.

In line with our optimizationstrategy, we have deletedthe hiddenswizzlebarrierfrom the imple-
mentationsof theoriginal 	;	�=;�B	>? bytecodeandextendedthePJamaVM with two new internalswizzle
barrierbytecodes.As a classis loadedinto theextendedPJamaVM its methodsmustnow beeditedto
inserta swizzlebarrierbytecodeimmediatelybeforeeachoccurrenceof the 	;	�=D�>	>? bytecode.BLOAT
supportsthisoperationwith apreprocessing(non-analyzing,non-optimizing)passovertheclassto insert
theswizzlebarriers.Theclasscanthengo on to executein theextendedVM. Subsequentoptimization
by BLOAT canthenoccurat any convenienttime. BLOAT alsosupportsa “way-ahead-of-time”option
to preprocessandoptimizeclassfiles for later loadingby thenew PJamaVM; this optionis commonly
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usedto preparethecoreJava classesfor loadinginto a virgin PJamapersistentstore. Thenew barrier
bytecodesarespecifiedin Table4.

Table 4: New swizzle barrier bytecodes

Operation swizzlereferencefrom array swizzlerangeof referencesfrom array
Format

aswizzle aswizzleRange
Forms aswizzle 236(0xec) aswizzleRange  237(0xed)
Stack ..., arrayref,index  FE ... ..., arrayref,start,end  GE ...
Description The arrayref must be of type HBIJ�>I�HBILK
M�I

andmustreferto anarraywhosecomponents
are of type HBI���IJH>ILK@MLI . The index must
be of type NOKBP . If the arrayref is not null,
then the elementat index is swizzled,if not
already. arrayref andindex arepoppedfrom
theoperandstack.

Thearrayref mustbeof type H>I���IJHBI�K@MLI and
mustrefer to anarraywhosecomponentsare
of type H>I��>I�HBI�K@M�I . The start andendmust
be of type NOKBP . If the arrayref is not null,
then the elementswithin the intersectionof
[start,end]and [0,arraylength]are swizzled,
if not already. arrayref, start and end are
poppedfrom theoperandstack.

3.3 Cache management

As mentionedearlier, barrier optimizationsrequirea contractwith the persistencerun-time system,
which must not undo the effect of a barrierwhile optimizedcodecanexecutethat assumesthe bar-
rier is still in effect. Thecontractwith thePJamarun-timesystemis simple: PJamamustmaintainthe
effectof bothbarriersfor all objectsdirectly referencedfrom aJava thread’sstackframes(bothoperand
stacksandlocal variables).In otherwords,residentobjectsreferenceddirectly from a threadstackmust
bepinnedin theobjectcachewhenever thethreadis active. Thus,thePJamaobjectcachemanagermust
eitheravoid evicting pinnedobjectswhenit attemptsto reclaimcachespace,or arrangefor themto be
maderesidentbeforethe pinning threadresumesexecution. Dirty bits seton objectsin the cachethat
aredirectly referencedfrom a thread’s stackmustbemaintained,evenacrossstabilizations.Similarly,
referenceelementsin arraysthat have beenswizzledmustremainswizzled. Clearly, this contracthas
significantramificationsfor therun-timesystem;Cuttsetal. [1998]exploretheissuesin moredetail.

4 Experiments

Ourexperimentsfocuson revealingthegainsto behadin eliminatingloop-nestedarrayswizzlechecks,
by countingthe numbereliminatedfor executionof severalarray-intensive benchmarks.Performance
improvementsasa resultof theoptimizationarenot directlymeasuredhere,thoughclearlyfor aninter-
pretedVM any reductionin thenumberof bytecodesexecutedwill have a noticeableimpacton perfor-
mancebecauseof thecorrespondingreductionin bytecodedispatchoverhead.We believe alsothat for
JIT-compiledVM implementationsasinglerangeswizzlecheckcanbetranslatedto moreefficientcode
thanmightotherwiseobtainfor theoriginal loop-nestedswizzlechecks.
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4.1 Metrics

For eachcombinationof benchmarkandoptimizationlevel wemeasurethenumberof barrieroperations
executedfor the benchmarkusingan instrumentedversionof the VM that reportsbytecodeexecution
frequencies.We measuredonly warm executionsof the benchmarkoperations,so asto eliminatethe
overheadof bytecodesexecutedfor initializationof classesasthey aredynamicallyloadedby theVM.

4.2 Benchmarks

To bestevaluatethe impactof rangeswizzleoptimizationsusingDIVA, we needa setof benchmarks
thatextensively usearraysof objects.With thatobjective thefollowing applicationswerechosen:

Linpack: ThestandardLinpackbenchmarksuite.
Cholesky: Setof routinesperformingCholesky decomposition.
Neural: Backpropagationona multi-layeredneuralnet.
Inversion: Applicationperforminga seriesof matrix inversions.

While theseapplicationsare not themselves inherentlypersistent,they might reasonablybe usedto
performcomputationsover largedatasetsthatmightbenefitfrom storagein apersistentenvironment.

4.3 Results

The resultsof rangeswizzleoptimizationsare given in Table 5. The numberof aswizzlebytecodes
executedin classesthat have hadtheminserted,areunderthe columnheadingdecorated. The count
of aswizzlebytecodesexecutedin classesthat have beenoptimizedafter being decorated,are under
thecolumnheadingoptimized. Theresultsreveal thatDIVA optimizationsremove on average66%of
aswizzlesin thedecoratedcode.LookingatTable5, weobserve thatthenumberof new aswizzleRanges
introducedisonaveragejust0.9%of aswizzlesin thedecoratedcode.Thisdemonstratestheeffectiveness
of rangeswizzleoptimizationsto reducethearrayswizzleoverheadwith negligible cost.

Table 5: Results of range swizzle optimizations

aswizzlesexecuted aswizzleRangesexecuted
Benchmark decorated optimized % removed decorated optimized % added
Linpack 75365 20217 73 0 304 0.4
Cholesky 921855 256994 72 0 14029 1.5
Neural 6491933 3397983 48 0 36832 0.6
Inversion 2309400 649710 71 0 26020 1.1

5 Conclusions

Our experimentsshow thaton average66%of swizzlebarriersareeliminatedat a smalladditionalcost
(0.9%)of introducingrangeswizzlebarriers.Theseresultsshow thatrangeswizzleoptimizationsbased
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on DIVA cansignificantlyreducethe arrayswizzleoverheadof PJama.In general,our optimization
canbenefitany persistentJava systemthatimplementslazy swizzlingfor arrays.We believe thatDIVA
optimizationcoupledwith ourreadandwrite barrieroptimizations[Hoskingetal. ] canhaveasignificant
positive impacton theperformanceof persistentJavasystems.We alsoplanto integrateswizzlebarrier
optimizationsinto ourPREdrivenoptimizationframework by treatingswizzlesasexpressionssimilar to
readandwritebarriers.By treatingall persistencebarriersin auniformmannerwehopetobuild ageneral
programanalysisandoptimizationframework targetedat persistentsystems[CuttsandHosking1997].
This will further enableus to exploit the strongconnectionandsimilarity betweenvariouspersistence
optimizationssuchasbarrierelimination,concurrency controllock elimination,clustering,prefetching,
andswizzlingcenteredonprogramanalysisanddynamicprofiling.
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