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We describea new methodfor determiningwhenanobjectcanbegarbagecollected.The

methoddoesnot requiremarkingliveobjects.Instead,eachobject
�

is dynamicallyasso-

ciatedwith a stackframe � , suchthat
�

is collectablewhen � pops.Because
�

could

havebeendeadearlier, ourmethodis conservative.Ourresultsdemonstratethatthemethod

nonethelessidentifiesa largepercentageof collectableobjects.Themethodhasbeenim-

plementedin Sun’sJavaTM Virtual Machineinterpreter, andresultsarepresentedbasedon

this implementation.
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Chapter 1

Intr oduction

Garbagecollection is the recycling of objects(memory) that is know to be “dead” (no

longerin use)for thedurationof theprogram.Thereareseveraldifferentkindsof garbage

collectionalgorithmsincludinggenerationalandmarkandsweep(MSA).

Generationalcollectionis basedon the ideathat recentlycreatedobjectsaremore

likely to die thanolder objectsandthat asobjectsage,their chancesof dying decreases.

The algorithmworks by associatingobjectswith generations.Newly createdobjectsare

addedto the “youngest”generationandcanprogressto older generations(if they don’t

die).

Mark andsweeptakesa differentapproach.Thefirst phase(marking)traversesall

the reachable(live) objectsandmarksthem. This phasestartswith what arecalled the

“roots of computation”,which refersto thevariableson thestack.Thenthesweepphase

recyclesany memorythat isn’t alreadymarkedaswell asattemptsto compactmemoryso

thatit is contiguous.

In education,research,and industry, useof garbage-collectedlanguagessuchas

Java[4] and ML[14] remainsstrong. However, despitemany advances,the cost of au-

tomaticgarbagecollectioncontinuesto be prohibitive in someareas,notablyembedded,

real-time,andscientificapplications.
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� CPUcyclesmustbedevotedto collectingthegarbage.Incrementalsystemsamortize

thecost,andextraprocessorscanhidethecostif thoseprocessorshavenothingbetter

to do.

� Theneedfor collectioncanoccurat unpredictableandinopportunetimes.

� Storagebecomesfragmentedunlessobjectsaremoved, but object relocationfools

mostunderlyingstoragesystems.For example,anobjectcanbein cache,but known

by its former address. Accessof the object at the new addressresultsin a fault

followedby a fetchfrom slowerstorage.

� Exactgarbagecollectorsmark live objects.While generationalcollectioncanlimit

suchmarkingto a subsetof a program’s liveobjects,themarkingphasepollutesthe

cacheastheliveobjectsaretouched.

In this thesis,weproposeandevaluatetheperformanceof anew scheme,thecontaminated

garbage(CG) collector. Thisnew collectorhasthefollowing properties:

� It canoperatein concertwith a traditionalcollector, decreasingthe frequency with

which thetraditionalcollectormustbecalled.

� It doesnotrequirea“marking” phase,sothatdatacachesremainvalid evenasobjects

arecollected.

� It is incremental,doingconstantwork aftereverymethodfinishes

� It collectsa reasonablepercentage(on average,53%)of deadobjects.

� It correctlyidentifiesdeadobjects,but objectsthat it thinks arelive may in fact be

dead.

To elaborateonthelastpoint,CG collectionis “conservative”, thoughnot in thetraditional

senseof that term. Conservative collectionhasbeenproposedfor languages(suchasC)
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in which referencevariablescannotbe preciselydetermined;suchcollectorsareconser-

vative becausethey may be forcedto treata valueasa pointer [5]. The CG collector is

conservative in adifferentwayandfor differentreasons,asweexplain in chapter2.

1.1 Background

Wilson presentsan excellent survey of storageallocation[23] and collection [22] tech-

niques. All known methodsfor exact garbagecollectionrequiremarking live objectsto

someextent. Generationalcollection limits the scopeof the marking phaseto a set of

objectsthatarebelievedmostlyto bedead.

Oneway of comparingour work is to examinehow variousapproachesview the

notionof a generation.

� Traditional generationalcollection[3] definesa generationby the longevity of its

objects. This separatesnewer from older objects,so that garbagecollection can

concentrateon the newer (presumablyshorter-lived) objects. More recently, it has

beenproposedto focuson otherthantheyoungestgeneration[18].

� The train algorithm[17], discussedbelow, views objectsnot only in termsof their

longevity, but also in termsof their interconnection.Objectsthat referenceeach

othertendto beclusteredin thesamegeneration.This nicely accommodatescyclic

datastructures,asthey becomefreeat thesametime.

� Ouralgorithmattemptsto clusterobjects,not in termsof their longevity, but in terms

of theirexpectedexpiration.Whenthey mustdie—nothow long they have lived—is

our key concern. We dynamicallycomputethe time at which a clusterof objects

mustbedead,basedon thereferencesamongtheobjects.

Our thesisorganizedasfollows: Chapter2 explainsourapproachusingasimpleex-

ample.Chapter3 describesanimplementationof aCG collector, alongwith complications
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that arisefrom multiple threadsandnative code. Chapter5 comparesour approachwith

previouswork. Chapter4 presentsexperimentsbasedon this implementation.Chapter6

presentsconclusionsandideasfor futurework in this area.



5

Chapter 2

Approach

Our ideais basedon thefollowing propertyof single-threadedprograms(multiple threads

are addressedin Chapter3). Eachobject
�

in the heapis live due to referencesthat

ultimatelybegin in theprogram’s runtimestackandstaticareas.1 Whenthesetof frames

containingdirector indirectreferencesto
�

is popped,then
�

is no longerliveandit can

becollected.

Moreover, owing to the natureof a stack,the setof framesthat keep
�

live must

containsomeframe � thatis last-to-be-popped(oldest)amongtheset’s frames.Thelive-

nessof
�

canthusbetied to frame � : whenframe � pops,
�

canbecollected.

2.1 Example

We illustratethe CG collectorusingtheexampleshown in Figure2.1. The stackframes

areshown numberedfrom � to � ; frame � is youngestframe,andframe � is not popped

until theprogramfinishes.Eachframecorrespondsto a methodinvocation,andthe local

variablesfor eachmethodresidewithin the method’s frame. The objects,labeledwith

letters	 through
 , residein theheap.Arrowsin Figure2.1depictthereferencesfrom the

1We view staticreferencesasstemmingfrom a program’sinitial stackframe.
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0
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Figure2.1: Framesthatkeepobjectslive.

methods’local variablesto theheapobjects.Thoughnot shown in Figure2.1,we assume

eachobject
�

hasafield � thatis capableof referencingany otherobject.Also, weassume

in this examplethatany methodcanaccesstheprogram’sstaticvariables.

Given the framereferencesshown in Figure2.1, the livenessof the objectsis as

follows.

Object ReferencingFrames EarliestFrame

A 3, 5 3

B 2, 5 2

C 1, 5 1

D 4, 5 4

E 0 0

Although A is referencedby two frames,the objectis live until frame � is popped.This

illustratesanimportantpropertyof ourapproach.With eachobject
�

, weassociateasingle

frame � suchthatwhen � is popped,
�

is known to bedead—wethensaythat
�

’s life

dependson frame � , or that � is
�

’sdependentframe.

As a specialcase,we associateframe � with objectsthat arereferencedby static

variables.Thus,CG collectiondeterminesthatvariablessuchasE in Figure2.1appearto



7
 1

� ����� 	  2
� ����� �

 3
� ����� �

 4
� ����� �

 5
� ����� �

Figure2.2: Instructionsaffectobjectlifetime.

belive for thedurationof theprogram.Frame� alsoservesto representobjectsfor which

we(currently)cannotdetermineadependentframe,asdiscussedin Chapter3.

With the situationshown in Figure2.1, it is clearthat D could be collectedwhen

frame � pops. However, programscancauseoneobject to referenceanother, which has

theeffect of changinganobject’s dependentframe.We next examinethelivenessof each

objectas the programshown in Figure2.2 executesstatementsthat causeoneobject to

referenceanother. All of thesestatementsareexecutedwithin Figure2.1’s frame � — the

frameof thecurrentlyactive method.For our example,we assumethis methodhasaccess

to all objectsasfollows. ObjectsA throughD arereferencedusingframe � ’s parameters

(localsin theJVM); objectE is staticandgloballyaccessible.

Theeffectsof theprogram’s stepson thelivenessof theheapobjectsaredescribed

asfollows.

1 B now referencesA. With this referenceestablished,A canbecollectedno earlierthan

B. Thus,A’s dependentframeis changedfrom � to � .

WesaythatB hascontaminatedA by touching(referencing)it.

2 C now contaminatesB whichstill referencesA. Thus,thelivenessof bothB andA must

beadjusted,sothatthey arenow dependenton frame � .

3 AlthoughD now contaminatesC, D dependson frame � , which will bepoppedbefore

C is dead.Thus,thedependentframesof A, B, andC arenotchanged—thoseobjects

all dependon frame � .
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However, D now hasaccessto thoseobjects.If D’s livenesschanged,thenthelive-

nessof thoseobjectsmight alsobeaffected.Our algorithmtrackssuchinformation

efficiently, thoughconservatively.

4 Sureenough,E now contaminatesD, which makesall theobjectstake on its liveness.

Thus,all objectsbecomedependenton frame � .

5 AlthoughE hascontaminatedD, E no longerreferencesit. Ideally, this shouldrevert

theactuallivenessof A–D to thesituationafter 4 . For example,A canbecollected

whenframe � pops.

In our approach,however, contaminationcannotbe undone.OnceE contaminates

theothervariables(indirectly, bycontaminatingD), they becomedependentonframe

� . Their dependencecannotbeimprovedto ayoungerframe.

An extremeexampleof this is the“staticfingerof liveness”.Supposeastaticvariable

referencesevery heapobject. At eachcontamination,the affectedobjectbecomes

dependenton frame � , which isn’t poppeduntil theprogramfinishes.As shown in

Chapter4, actualprogramshavebettermanners.

An unresolvedissuefrom theabove discussionconcernshow to tracktheeffectsof a pro-

gram’s futurebehavior after 3 . Theproblemis thatD doesn’t changeany object’s lifetime

by referencingC. However, futurechangesto D’sdependentframemayaffectobjectsthat

canbereferencedfrom D.

Weaccommodatethisproblemby assertingthatcontaminationis symmetric,affect-

ing both
�

and � when
�

references� . Thus,in theaboveexample,D’sdependentframe

becomessynonymouswith C’s, so that futurechangesto D arecorrectlyaccommodated.

Unfortunately, this conservatively makesD dependenton frame � after 3 executes.
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2.2 Summary

In summary, theCG collectoroperatesasfollows.

� We maintainan equiliveequivalencerelationover a program’s heap-allocatedob-

jects. Objectsin the sameblock of the inducedpartition areviewed ashaving the

samelifetime andaredependenton thesameframe.

Equilive setsgrow throughunionoperations;anequilive set’s dependentframecan

changeastheprogramexecutes,but alwaysby moving to anolderframe.

� Whena frame � pops,all equilivesetsassociatedwith � containobjectsthatmust

bedead.Suchobjectscanbesafelycollectedwhen � pops.If theobjectsarealready

in somekind of list  , thentheobjectscanbereturnedto theavailablestoragepool

by joining  to the free-storagelist. This can be accomplishedwith two storage

accesses,which shouldnotdisrupttheeffectivenessof thedatacache.

� Two blocks ! and " of therelationaremerged(by a unionoperation)whenobjects

	$#%! and
� #%" contaminateeachother. Thiscouldhappenbecause	 references

�
, or because

�
references	 .

An exceptionto this policy occursin anoptimizationdescribedin Section3.4.

� Whena new block is formedby merging two existing blocks,thenew block is de-

pendenton theolder(lower-numbered)of theexistingblocks’dependentframes.

� Thelivenessof anobject
�

, andtherefore
�

’sblock, is affectedif amethodreturns
�

to its caller. The livenessof
�

’s block mustbe adjustedso that its dependent

frameis poppednosoonerthanits caller’s.

Thereflexiveandtransitiveaspectsof equiliveareaccurate.However, thesymmetricprop-

erty introducesconservativeness,asillustratedwith theexampleof D above.
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Our approachis thereforeconservative—thoughnot becausewe can’t tell what is a

referenceandwhatis not [5]. TheCG collectormayoverestimatethelifetime of anobject.

For suchobjects,traditionalgarbagecollectionmaycollecttheobjectwhenwewouldnot.

We thereforeevaluateourapproachin Chapter4 by showing thepercentageof objectsthat

arecollectableusingCG.

Our approachdoeshave thefollowing advantagesover traditionalcollection.

� Traditionalcollectionrequiresmarkingliveobjects.While somegenerationalcollec-

tors[22,12] canlimit themselvesto markingasubsetof theliveobjects,thisphaseof

garbagecollectionpollutesthecache(andmoredistantvirtual memorycomponents)

with objectsthatarenot referencedactively by therunningprogram[11].

� Maintainingtheequilive relationcanbeaccomplishedefficiently if thedisjoint sets

of objectsaremaintainedusingTarjan’sunionby rankandpathcompressionheuris-

tics [9]. The resultingoverheadis a (nearly)constantamountof work per storage

reference.
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Chapter 3

Implementation

We implementedour approachin thecontext of Sun’s Java system,Java DevelopmentKit

(JDK) 1.1.8. Our changeswereconfinedto thoseportionsof the Java Virtual Machine

(JVM) [13] that dealwith objectcreation,framecreation(in responseto methodcalls),

methodreturn,andthebase(traditional)garbagecollection.Sun’s 1.1.8systemoffersthe

following JVM interpreters.1

� Thereferenceinterpreteris writtenentirelyin C.

� A more efficient interpreterimplementsthe most frequentlyexecutedportions in

(Sparc)assemblylanguage.

To facilitate our implementation,we basedour work on the C version. However, the

changeswemadearecompatiblewith thearchitectureof the(speedier)assemblyversion.

Wenext sketchourbasicimplementationanddescribehow weaccommodateinter-

preter-generatedstaticreferencesandthemoreconceptuallydemandingcharacteristicsof

theJVM—namely, multiple threadsandnativecode.

1This JVM doesnotprovideJust-In-Time(JIT) compilation,thoughlaterversionsdo.
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3.1 Data Structur esand Modifications

Sun’sJVM interpretermanagesobjectsusinghandles. Eachhandlecontainsapointerto the

object’s currentlocationaswell asa referenceto anappropriatemethodtablefor (virtual)

method-lookup.Referencesbetweenobjectsindirectthroughthehandles.Thus,if objects

arerelocated(duringgarbagecollection,for example),thenonly thehandle’spointerto the

objectneedsto beupdated.

Theinterpreteroffersastandardtreatmentof method-callandmethod-return.Each

activationrecordis pushedontoa thread-specificstack[1].

To implementour approach,we modifiedSun’s JDK 1.1.8systemasdescribedin

thefollowing sections.

3.1.1 Objects

We augmentedeachobjecthandlewith fields to accommodateunion/findof the equilive

sets. We alsoaddedfields to maintainthe list of setsaswell asfor eachset. We useda

parentpointerandanintegerrankfor union/find.To traverseeachequiliveset,wemaintain

a next pointeraswell asa lastpointer, which pointsto the lasthandlein theequilive set.

Eachsetis onadoublylinkedlist ona frameandhasapointerto thepreviousandnext set.

To allow for easyaccessto a handle’s associatedframe,we have alsoincludeda pointer

backto its frame.To dealwith multiple threads,weusea pointerto thethreadwhereeach

allocationoccured.Althoughnot requiredfor our implementation,wealsoaddedaunique

integer ID aswell asa birth depth(of thestack),so thatwe could trackat whatdepthan

objectwasallocated.

Union/Find on Disjoint Sets

Ourapproachusesunion/findondisjoint setsto organizeits data.Thebasicideais to have

two operations:union andfind. The designof the algorithmassuresthat objectsare
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in exactly oneset.Eachsethasanassociatedrankthat is usedto determinetheparentset

duringtheunionoperation.Duringaunion,whicheversethasthehighestrankis chosento

betheparent,if bothranksareequal,a setis chosen.Pathcompressionis usedto improve

theperformanceof thealgorithm. Whenever a find operationis executed,if theparentof

thesetis not theroot, find is recursively calledandtheresultis storedastheparentof the

currentset. Every object that find is calledon hasits parentupdatedto be the root and

we avoid degeneratestructures.For moredetailson the algorithmandTarjan’s analysis,

see[9]).

A straightforwardimplementationwould requireone“ancestor”field andoneinte-

gerfield to representtherank. Of course,“primiti ve” objects(suchasintegers)do not use

handlesandthusdo not incurany overhead.

A moreclever representationcanbeachievedby notingthat thelower bits of JVM

objectpointersarealreadyreserved,andarethereforeassumedto bezero.Theequilivesets

canthenbemaintainedsothattherankneverexceedsapredeterminedthreshold.Thus,the

union/findalgorithmcanbeimplementedwith oneadditionalword perobjecthandle.

Our approachrequirestheability to determineany object’s dependentframe. In a

straightforwardimplementation,this canbeachievedsimply by introducinga pointerinto

thehandle,suchthatthepointerreferencesthetheobject’s dependentframe.This pointer

canbeeliminatedif eachequiliveset’srepresentativeelementpointsto thedependentframe

for theentireset.

In summary, theresultsreportedin this thesiswereobtainedby introducinganaddi-

tionaleightwords(thirty-twobytes)into whatwasformerlyatwoword(eightbyte)handle.

The implementationalsohasan additionalsix wordsthatareusedfor othergarbagecol-

lectionschemes.As will bediscussedin Section3.5,thehandlesizecansqueezedin half.

Theoriginal interpreterdividedtheheapup into two parts,onefor handlesandone

for the objects. This division was20% for handlesand80% for objects. To accountfor
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our overhead,we adjustthe spaceallocatedfor the handlesso that it is eight times the

original. This maintainstheoriginal objectspace(sincetheobjectsizehasnot changed),

but expandsthehandlespaceproportionalto thespaceweaddedin thehandle.

Arrays An arrayis treatedasjust anotherobject—wedo not differentiateanarray’s ele-

ments.Thus,any objectstoredinto anarraycausesthearrayandtheobjectto contaminate

eachother, asdescribedlaterin this section.

3.1.2 Frames

Whena frameis popped,the equilive objectsthatdependon the framecanbe collected.

Thus,eachframeis equippedwith areferenceto a list of its dependentequiliveblocks.We

alsogaveeachframeauniqueID number.

3.1.3 Static Variables

Wemaintaina list of objectsthataredependentonour “frame � ”. Suchvariablesarenever

collectedby our approach.

Essentially, theJVM interpretermusttakeactionfor thoseJVM instructionsthatcauseone

objectto referto another. TheJVM instructionsetconvenientlyseparatestheseby whether

thereferencingobjectis static.

� When an object is created,it is associatedwith the frame of the currently active

method.

� The areturn instructioncausesa methodto return an object to its caller. The

object’s equilive block is adjustedto dependon thecaller’s frame,unlesstheobject

is alreadydependentonanolderframe.
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� Theputfield instructioncausesobject

�
to reference� . If � is notnull, then

�

and � contaminateeachother, asdescribedearlier.

In thespecialcasewhere� is alreadystatic,theoptimizationdescribedin Section3.4

avoidscontaminating
�

.

� Theputstatic instructioncancausea staticvariableto referencean object. If

so, the referencedobject’s equilive block is addedto the list of frame-� dependent

blocks.

3.1.4 Tainted Objects

Wealsomaintainalist of objectswhichweknow to bedead.Keepingtheseobjectsonalist

allows us to checkfuture referencesandhelpsto assurethecorrectnessof our algorithm.

Anytimewefind anobjectto bedead,weaddit to this list.

We beganwith almostno familiarity of Sun’s JVM interpreter. Nonetheless,it took only

six weeksto implementour initial approachin that system.While this is a tribute to the

interpreter’s design,it alsounderscoresthesimplicity of our approach.Similarly, thecode

generatorof anative-codecompilercouldeasilybemodifiedto emit thenecessarycodeto

maintainour structures.Subsequentmodificationsdescribedin sections3.6 and3.7 have

occuredsincetheoriginal implementation.

3.2 Inter preter-GeneratedStatic References

For ourapproachto work, it mustbeableto takeactionwhenoneobjectreferencesanother.

For codewritten in Java, this requirementposesno problem. However, the interpreter

canitself generatereferencesto objects,andwe hadto integratesuchreferencesinto our

garbagecollector.
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A goodexampleof this kind of problemis theintern() methodof theString

class.A programcouldgeneratemultiple String objects,eachwith thesamecontents.

The intern() methodmapsany String to a uniqueoccurrencewith its contents.

Thus,givenany two strings,equalityof their contentscanbe testedusing“==” oncethe

stringsaremappedusingintern(). JDK 1.1.8 implementsintern() usinga hash

table—internalto theinterpreter—to maintainreferencesto theuniqueoccurrencesof any

Stringmappedviaintern(). Thereferencesfrom thehashtableareessentiallystatic,

sinceaString mustmapto thesamereferencevia intern() for thedurationof apro-

gram.

Becausethis activity is not part of the JVM instructionstream,we had to insert

callsin theString classto tell ourcollectorthatany String mappedviaintern() is

static.

TheclassloaderandJNI2-processingcomponentswereothersourcesof staticrefer-

encesto theheap.Most likely, any implementationof JVM will maintainsuchreferences.

To useour approach,theseneedto be identifiedandpropercalls to our collectormustbe

inserted.

3.3 Multiple Thr eadsand NativeCode

Thediscussionsofar hasbeenlimited to singlethreadsandJava-sourceprograms.In this

section,we describeour currentlysimple treatmentof multiple threadsandnative code.

More sophisticationis possible,but thatis asubjectof futurework.

Our assumptionthatanobjectis dependentfor its life on a singlestackframedoes

notholdif aprogramsharessuchanobjectamongmultiplethreads,asshown in Figure3.1.

Within Thread1, A is dependenton frame � ; however, Thread2 canalsoaccessA until its

frame � is popped.

2Java Native Interface
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Figure3.1: Two threadssharinganobject.

For thepurposesof this thesis,wedynamicallydiscoverobjectsthatareaccessedby

multiple threadsandwe treattheir equilive blocksasstatic—dependenton theprogram’s

frame � .
Sun’s JVM systemallows native (e.g.,C) codeto beinterspersedwith Java code—

eachcancall theother. A mechanism(objectpinning) is alreadyprovidedsonative code

canrely on anobject’s address.However, whenC codecallsJava methods,it is possible

thatobjectsarecreatedandreturned,perhapsbriefly, to thenative caller. To beconserva-

tive,wecatchsuchallocationsandtreattheequiliveblocksasif they werestatic.

3.4 A Static Optimization

While theapproachdescribedin Section2 is correct,Plezbert[6] identifieda situationfor

whichwecanoffer abettertreatment.Considertheresultsof theassignment

	&��'(� )
where ) is static—associatedwith the last-to-be-poppedstackframe. As describedin

Chapter2, our approachwould uniontheequiliveblockscontaining	 and ) . As a result,

	 would alsobe regardedasstatic,existing for the lifetime of theprogram.However, in

thiscase,suchactionis unnecessarilyconservative. Theobject ) is alreadydeterminednot
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to becollectableuntil theprogramis over. No furtheractioncancause) to beregardedas

morelive thanthat. Thus,if ) is believedto last for thedurationof theprogram,thereis

no reasonto join 	 ’sequilivebockwith ) ’swhen 	 references) .

Therresultspresentedin Section4 includethisoptimization,exceptfor onecolumn

in Figure4.1which is designedto show thebenefitsof theoptimization.

3.5 Shrinking the CG Handle Size

Wealsohaveanotherimplementationin whichwesqueezedoursixteenwordhandledown

to eight words. This was accomplishedthroughthe combiningof the rank and parent

structure.Thiscanbedonebecauseof two factors.First,weknow that,in general,therank

doesnot exceedten (for the SPECjvm98benchmarks)and that the handlesare aligned

basedon their size. In our case,the handlesarealignedon an eight word boundary, so

we canguaranteethat the bottomfour bits will never be usedfor a handleaddress.The

rank wasstoredin the parentpointerandwe usea maskto setandrestoreit. This has

the obvious benefitthat it takeshalf asmuchmemoryfor eachhandleasour previously

discussedapproach.

3.6 ResettingCG Structur esDuring Traditional Garbage

Collection

While CG works well, it is alsouseful to considerusing it in addition to the traditional

collector. If CG operatesin concertwith thetraditionalcollector, it wouldbeadvantageous

to have it resetour structureswhile running. The useof equilive setsmakesour method

moreconservative, andsincethe traditionalcollectorstartswith the rootsof computation

and follows all the referencesto other objects,we could take advantageof this time to
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updateour information. To implementthis resetting,we needto modify the collection

phase.Thecollectorstartswith eachstackframeandmarkseachobjectthat’s liveandthen

any objectit references.Beforeeachstackframeis considered,we removeall theequilive

setsfrom the frame. As eachobjectis consideredby the traditionalcollector, we resetit

to be associatedwith the currentframe. Eachobject is thensearchedto find any objects

that it pointsto. At this point, we union the objects’setstogetherandhave our updated

information.Thebenefitsof this approacharethat,ideally, aftereachcall to thecollector,

CG would have thesamelivenessfor all objects.Unfortunately, dueto theadditivenature

of our approach,this is only approximatelytrue. The traditional collector also benefits

becauseweareableto freemoreobjectsandthecollectoris calledlessoften.

3.7 Recyclingof CG Objects

Anotherpossibleimprovementon Chapter2 dealswith whatwe do with theobjectsonce

they havebeenidentifiedasdead.Uponeachmethodreturn,wehavea list of equilivesets

of objectswhich we know to bedead.Normally we iteratethroughthis list, visiting each

objectandfreeing it. A betterapproachwould be to defer the freeingof the objectand

recycle theseobjectssothatthey canbeusedduringsuccessiveallocations.

To accomplishthis task,we disconnectthelist of equilivesetsfrom theframeafter

it is poppedandprependit to alist of recycledobjects.Then,duringallocation,wetraverse

this list anddo a “first-fit” searchfor anobjectof thecorrectsize.Now, insteadof having

to free eachobject in every equilive setafter a methodreturn,we only updatea pointer.

This lowersCG overheadby deferringthe“freeing” until allocation.Allocation from our

freelist happenswhentheallocatorfails to allocateanobject,beforeit triesto run MSA.

We hypothesizedthat this optimizationwould be beneficialin several ways. We

have discoveredthat,in general,mostof theobjectsin Java programsareof thesamesize

(16 bytes).Thedefault allocatorin JDK 1.1.8doesa linearsearchthroughtheobjectpool
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to find the first object that is at leastasbig as requested(andalso tries to coalescetwo

contiguousobjectsto make a block big enough). We canguaranteethat every time the

JVM (duringallocation)looksatour list of deadobjects,it will belookingata freeobject.

Theallocatorkeepstrackof thelastlocationwhereit allocatedanobjectfrom, soit would

notseemto bemuchof animprovementwhile theheaphasspaceavailable.Oncetheheap

hasfilled (or thefirst attemptat allocationfails) theallocatorhasto rescantheheapto find

freeobjectandrecycling wouldseemmostuseful.
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Chapter 4

Experiments

Weimplementedourapproachasdescribedin Section3.4.Wethenconductedexperiments

ontheapproachusingtheprogramsdescribedin Figure4.1. WeusedtheSPECbenchmark

suite[10]. Thesuitehaseightdifferentbenchmarksthat implementvariousteststhatcan

berun for differentsizes(1, 10,100).1

4.1 CollectableObjects

For eachbenchmark,Figure4.1 shows thenumberof objectscreatedduring its run. The

right two columnsshow the percentageof all objectsthat werecollectedby our method.

The rightmostcolumnshows thepercentageof collectableobjectswhentheoptimization

describedin Section3.4 is enabled;this is of coursethe preferredimplementation.For

comparisonpurposes,we alsoshow thepercentageof objectscollectablewithout theop-

timization. All otherobjectsweretreatedby our methodasstatic—live until the endof

the program. Givenour approach,suchobjectsareeitherdeclaredstaticor elsethey are

referencedindirectly by astaticobject.

1Themtrt programis amultithreadedversionof raytrace; however, multiple threadsarerequiredfor
computationonly for thelargerproblemsizes.Thus,our resultsfor thesetwo programsareverysimilar.
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benchmark description lines objects collectable
of source created noopt with opt

compress ModifiedLempel-Ziv 920 5123 9% 11%
jess ExpertSystem 570 45867 35% 61%
raytrace RayTracer 3750 276960 98% 98%
db DatabaseManager 1020 7608 18% 36%
javac JavaCompiler 9485 26116 23% 24%
mpegaudio MPEG-3decompressor N/A 7550 6% 7%
mtrt RayTracer, threaded 3750 276084 98% 98%
jack PCCTStool N/A 393742 69% 89%

Figure4.1: Percentageof objectscollectableby our approach,without andwith theopti-
mizationdescribedin Section3.4.

The ray-tracing,path-navigating, andjack programswereover 90% collectable

usingtheCG collector. Thempegaudio andcompress programsdonotgeneratemany

objects;theobjectsthataregeneratedarefairly long-lived.Thus,we did not collectmuch

for thoseprograms,but neitherwould an exact approach.For the otherbenchmarks,we

arefrom 7%–60%successful.Althoughthosenumbersmayseemlow, evenif weareonly

50% successful,this meansthat the traditionalcollectorwould be calledhalf asoften as

withoutour approach.

4.2 Static Objects

Objectsthat we believe to be static live for the durationof the program. Onemetric to

measuretheeffectivenessof our approachis thenumberof staticobjectsversusthe total

numberof collectableobjects.Figure4.2shows that,for small runs(size1), compress,

db, andmpegaudio have a large numberof staticobjects. We observe thatjess and

javac haveaboutthesamenumberof staticascollectableobjects.Otherwise,thenumber

of staticobjectsis relatively small.For largersizes(10and100),Figure4.3andFigure4.4,

show significantimprovementwith theexceptionof compress andmpegaudio, which
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Figure4.2: Percentageof objectsthat we treatasstatic(live for the program’s duration)
anddueto sharingamongthreads(size1).

allocateonly a few objectsanddo mostly compuatartion.For the otherbenchmarks,the

numberof staticobjectsincreasesby asmallamountandthenumberof collectableobjects

shows a dramaticincrease.Theseresultsleadus to believe that our approachwould be

usefulin longer-runningbenchmarksandapplications.Serversandwebbasedservletsare

examplesof suchprogramsthatmightbenefitfrom ourapproach.
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Figure4.3: Percentageof objectsthat we treatasstatic(live for the program’s duration)
anddueto sharingamongthreads(size10).

4.3 Thr eadBehavior

Becausewe treatmultiple threadsconservatively, we measuredthenumberof objectsthat

wereforcedinto the staticsetwhenthey wereaccessedby multiple threads.Recall that

objectsin the static set are treatedby our approachas live for the program’s duration.

Figure4.2 shows that mostof our benchmarkshadvery few thread-sharedobjects. The

mtrt andraytrace programsare equippedto run multithreaded,but showed only a

very small percentageof their objectsbeingsharedacrossmultiple threads.Thejavac



25

Figure4.4: Percentageof objectsthat we treatasstatic(live for the program’s duration)
anddueto sharingamongthreads(size100).

benchmarkhadthe largestnumberof thread-sharedobjects(over 72%of thetotal objects

andmorethantwo timesthecollectableor staticobjects)).As thesizeof thebenchmarks

increase(to 10 and 100), we seeimproved effectivenessof our approach,as shown in

Figure4.3 andFigure4.4. In a similar fashionto staticobjects,the relative numberof

thread-sharedobjectsincreasesslowly, while the numberof collectableobjectsincreases

quickly. Thelargerrunsshow javac having almosttwice asmany collectableobjectsas

thread-sharedobjects.
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benchmark total numberof blocksof size percent
collectable 1 2 3 4 5 6–10 * 10 exact

compress 5123 176 65 31 7 2 0 2 3%
jess 45867 3050 7193 3156 20 68 43 18 7%
raytrace 276960 40415 9446 1503 1834 3 4277 2 15%
db 7608 330 93 319 5 2 0 3 4%
javac 26111 2792 526 337 177 142 1 1 11%
mpegaudio 7550 177 63 37 9 2 0 1 2%
mtrt 276084 40290 9321 1474 1800 2 4277 2 15%
jack 393742 119252 85418 13515 4720 30 26 1 30%

Figure4.5: Distributionof blocksizes.

4.4 Sizeand Ageof the Equili veBlocks

Recall that blockscontainingobjects 	 and
�

are mergedwhen 	 references
�

(or
�

references	 ). For thefollowing reasons,wewerecuriousaboutthenumberof objectsthat

accruein eachblockprior to theblock’scollectionusingCG.

� Blocksthatcontainasingleobjectareexact:nounionsareperformedandsowecan

returnsuchobjectsat thenext method-return.

� If mostblocksaresize1, thenan approachthat looks only for suchblocksmight

work well without theoverheadof our moregeneralapproach.

� Recallingour examplefrom Section2, we wereforcedto overestimateD’s lifetime

whenit wasmergedwith C. Our approachcould be improvedby keepingtrack of

dependentframesper-objectinsteadof per-block. However, thiswouldbeunreason-

ableif thereweremany objectsperblock.

Figure4.5 shows the sizeof the collectableblockscreatedduring the runsof our

benchmarks.Althoughmostblockscontainmorethanoneobject,themajority of blocks

do containthreeor fewerobjects.
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benchmark Distancefrom birth to deathframes
0 1 2 3 4 5 *+�

compress 146 151 140 69 29 10 0
jess 5,824 8,926 12,272 640 249 79 1
raytrace 35,707 36,590 29,183 1,050 11,285 6,368 152,133
db 180 613 1,200 554 30 74 50
javac 3,445 1,477 930 203 305 4 2
mpegaudio 146 163 153 58 24 3 0
mtrt 35,550 36,526 28,990 861 11,221 6,272 152,036
jack 63,230 263,574 20,992 1,961 168 7 4

Figure4.6: Ageat deathof objectswecollect.

Next, wemeasuredthedistanceto die for objectsthatwewereableto collect.Sup-

posean object
�

is born in frame � . When
�

is finally collected,it mustdependon a

frameat leastasold as � . Thesingletonblocksmentionedearlier—for which our infor-

mationis exact—maynot die in their allocatingframe,becausea framecanreturna result

to its caller. Figure4.6showstheage,in framedistance,of objectswhenthey die.

Objectsthatarecollectedin the � columnneverescapetheframein whichthey were

allocated.Many collectableobjectsfall into that category. However, mostareassociated

with olderframes.For thejavac benchmark,a significantportionof objectsallocatedin

a framearedetectedcollectablewhenthatframe’s callerreturns.

For thoseobjectsthatdiein theirbirth frames,it maybeworthconsideringhow such

objectscouldbecollectedsoonerthantheir dependentframepops.Thesingletonsetscan

becollectedonceit canbeshown thatno localvariablereferencestheobject.As described

in Section1.1,staticapproachesmayservewell here.It is interestingto notestaticescape

analysis[21] is practicallylimited to analysisof two frames,while ourapproachcandetect

anarbitrarynumberof frames.2

2Personalcommunicationwith Martin Rinard
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benchmark CG JDK speedup
compress 318.9908 292.6376 0.92
jess 5.7176 5.1144 0.89
raytrace 35.217 27.8904 0.79
db 0.692 0.6558 0.95
javac 3.335 3.7172 1.11
mpegaudio 34.3276 33.3924 0.97
jack 70.6476 64.2296 0.91

Figure4.7: Timing results. The rightmostcolumnshows the speedupof over traditional
collectorin theJDK 1.1.8systemfor size1.

4.5 Performanceand Overhead

Finally, we examinetherun-timeoverheadof our approachin Figure4.7. We beganwith

Sun’s JDK 1.1.8(call this thebasesystem)andmodifiedit to useour CG algorithm. All

testswererunon aSunUltra Sparc5 workstationwith 128MBof realmemoryand1.6GB

of virtual memory. Theprocessoris a UltraSparc-IIirunningat 400MHz. The rightmost

columnof Figure4.7shows thespeedupobtainedby CG. Recallthatour approachincurs

overheadfor maintainingthe equilive blocks. Also, action is taken at eachstore and

return operation. The basesystemdoesnot incur suchoverhead,but doespauseto

garbagecollectwhenits heapbecomesrelatively full.

Therightmostcolumnshows at best,an11%improvementin executiontime using

CG. This representsanabsolutesavingsof time usingour approachover thebasesystem,

eventhoughwe performextra work at everystore operation.Thus,thesavingscanbe

attributedto avoidanceof the traditionalgarbagecollector. Moreover, we setup the runs

to avoid heapcompaction.Thus,the savings stemsprimarily from avoiding the marking

phaseof garbagecollection. In general,thoughwe do show a slowdown, we arewithin

10%–20%of thebasesystem’sexecutiontime.

To isolatethe overheadof maintainingthe equilive sets,we ran the basesystem

with theasynchronousGCdisabledaswell asgiving is plentyof storage.Thisallowedthe
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benchmark CG JDK speedup
compress 372.7318 346.6596 0.93
jess 54.4978 49.4348 0.91
raytrace 97.9964 78.0694 0.80
db 43.1086 39.3572 0.91
javac 31.9388 29.3018 0.92
mpegaudio 354.9622 345.6264 0.97
jack 140.8294 128.9202 0.92

Figure4.8: Timing results. The rightmostcolumnshows the speedupof over traditional
collectorin theJDK 1.1.8systemfor size10.

benchmarksto run without runningtheMSA collector. Thus,themiddlecolumnof num-

bersin Figure4.7andFigure4.8showsthespeedup(typically slowdown) of our approach

over thebasesystemfor sizes1 and10, repectively. In general,we arewithin 10%of the

thebasesystem.

4.6 Lar ger SPECRuns

We next examinedthe performanceof our approachon the “larger” SPECbenchmarks.

Thesearereally the sameprogramsusedpreviously, but with longer runningtimes. As

shown in Figure4.9, mostof the benchmarksgeneratedsubstantiallymoreobjects. The

exceptionsto this arecompress andmpegaudio, which arecomputationalin nature.

Interestingly, our approachworked only betterin termsof the percentageof collectable

objects.Notably, db andjavac went from 41%and24%collectablein thesmall run to

91% and99% collectablein the large run. Similarly, the numberof objectsthat we can

collectexactlymostlyimprovedin thelargeruns,exceptfor db.
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Name Objects Collectable Exactly
Created With opt Collectable

compress 6,959 28% 27%
jess 7,924,661 41% 42%
raytrace 6,346,978 99% 82%
db 3,211,531 99% 0%
javac 5,879,703 91% 12%
mpegaudio 7,582 9% 30%
mtrt 6,585,974 99% 80%
jack 6,863,344 90% 37%

Figure4.9: SPECbenchmarks,largeruns.

benchmark size1 size10 size100
compress 0.97 0.97 0.98
jess 0.93 0.96 3.18
raytrace 0.87 0.85 1.71
db 0.95 0.94 0.94
javac 1.14 0.96 2.77
mpegaudio 1.00 1.00 1.30
jack 0.93 0.94 1.98

Figure4.10:Speedupof ourapproachoverJDK 1.1.8.For thelargerun,mpegaudio and
compress tookoveranhourto completewith eithersystem.

Finally, we compareexecutiontimesfor theSPECbenchmarksin Figure4.10.The

“small” speedupsarereprisedfrom Figure4.7; includedalsoarethespeedups(andslow-

downs)of ourmethodfor themedium-andlarge-scalerunsof thebenchmarks.Weshow a

slight improvementin thesize10 runsandasignificantjump in size100.

Our approachworkedwell for thesmall runs,andit shouldbenotedthateventhe

“small” runstakesubstantialtime.
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4.7 ResettingResults

In Section3.6 we describehow a normalMSA passfor garbagecollectioncanresetob-

ject informationfor CG. In this section,we presentresultsfrom resettingCG structures,

showing theeffectsof resettingon thequalityof objectcollectionunderCG.

Supposeanobjectis actuallydeadat time , . Thatobject’scollectionunderCG falls

generallyinto oneof thefollowing threecategories:

1. Within a boundableamountof time after , , a framepopoccursandCG collectsthe

object.This is thebestcasefor our approach.

2. The object is collectedin the sameframeasabove, but the methodspendsan un-

boundableamountof time prior to the framepop. Sincewe associatethe liveness

of objectswith frames,we only canonly tell if objectsaredeadwhena framepops.

If anobjectbecomesdeadduring a method,our approachwill not discover it dead

until thenext framepop. For exmaple,themethodmaycontaina loop thatprevents

usfrom collectingtheobjectexpeditiously.

3. In theabove two cases,CG is accurateto the next framepop. That is, if an object

dieswhile frame - is active,thenwecollecttheobjectwhenframe - pops.Thus,the

lastcasefor our methodis whenCG associatestheobjectwith a framelonger-lived

than - . For example,theobjectcouldbeassociatedwith thestaticset.This happens

mostoften whena staticobject touchesanotherobjectandthenpointsaway. Our

approachwould beto put theobjectbeingreferencedinto thestaticsetandit would

live“forever”. Theoptimizationmetionedin Section3.4helpsto avoid thissituation.

During the mark phaseof MSA, we verify and updateour CG structuresas described

in section3.6. The net effect of suchan updateis to correct the approximationerrors

introducedby ourapproach.
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name collectedby MSA lesslive GCcycles
compress 227 1 9554
jess 13210 41 90
raytrace 232003 13 540
db 2258 1 24
javac 10359 1 66
mpegaudio 206 1 1165
mtrt 231654 14 531
jack 38215 2 1005

Figure4.11:SPECbenchmarks,smallruns.

We instrumentedthe JVM to run garbagecollectionafter a certainnumberof in-

structionshadbeenexecuted.For theseresults,we ranMSA every 100,000JVM instruc-

tions.Figure4.11showstheresultswe found.The“collectedby” columnshowsthatmost

objectsweredeterminedto beunreachableandthereforedroppedoutof ourstructuresand

werecollectedby thesweepphaseof MSA. A small numberof objectsweredetermined

to be “less live” thanour staticset. Thoseobjectsthat did move from the staticsetonly

moveda few frames. The nonstaticobjectsshowed no movementbetweenframesat all.

Experimentationwith largersizesshowednoimprovementandthoseresultsarenotshown.

4.8 RecyclingResults

Figure4.12showsthatthebenefitsof recycling objectsarealmostasgoodaspredicted.In

generalwearewithin 4%of theoriginal timings,with speedupshappeningmoreoftenthan

not. compress is thebestperformer, with a 3% increase.Figure4.13shows thenumber

of objectsthatwe recycle versusthe total numberof objectsallocated.Thecompress,

db, andmpegaudio benchmarksall show a smallnumberof objectsrecycled,while the

otherbenchmarksshow 10% to 60% of objectsbeing recycled. In the benchmarksthat

recycled a large numberof objects,we seea smallerspeedup.Sincethe JVM allocator
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Name CG time CG with speedupusing
seconds recycling recycling

compress 311.53 303.38 1.03
jess 7.50 7.57 0.99
raytrace 43.27 44.60 0.97
db 0.89 0.88 1.01
javac 4.40 4.42 0.99
mpegaudio 35.22 34.60 1.02
mtrt 45.15 44.36 1.02
jack 171.69 171.40 1.00

Figure4.12:Recycle timing, smallruns.

Name objects percentof
recycled total

compress 308 6.01
jess 13728 29.93
raytrace 32175 11.62
db 702 9.23
javac 5701 21.83
mpegaudio 313 4.15
mtrt 31432 11.38
jack 222344 56.47

Figure4.13:Numberof objectsrecycled,smallruns.

progressessequentiallythroughtheheapandremembersthelocationof its lastallocation,

it canquickly find the next free object. This style of allocationonly works the first time

throughthe heap. With longer running benchmarks,the heapwill becomefull and the

allocatorwill beforcedto startits searchat thebeginningof theheap.Searchingbecomes

moredifficult becauseit hasto find freespaceamongtheobjects.

Our list of equilivesetsis notorderedandwehaveto searchthrougheachset(doing

afirst fit) every time, leadingto aworstcaseof .0/2143 for 1 objectsin our recycle list. Note

that becauseof first fit, we expect to do betterthan the averagecaseof .5/61879�93 , aswe

only have to find anobjectat leastasbig asrequested.This couldbefurther improvedby
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keepingtheobjectssortedontheequilivesets,but thatwouldmakeourCG approacheven

slower. Anotherpossibilitywould be to keepthesetsorganizedby type,so thatwe could

merelylook for aspecifictypeof object,andresetits structures.
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Chapter 5

Generally RelatedWork

Appel [2] hasobserved thatstack-allocatedstorage(i.e., local variables)canbemanaged

more efficiently using the (more general)heap. Insteadof reclaimingeachframe indi-

vidually uponits method’s return,multiple framesarecollectedwhengarbagecollection

transpires.In summary, Appel proposesto treatstack-allocatedobjectsasheap-allocated.

We areessentiallytrying thedualof thatapproach:we modelheap-allocatedobjectsasif

they wereallocatedin a stackframe,but we continuallyrevisewhich stackframeholdsa

heap-allocatedobject.

Staticanalysistechniques[7, 16, 24] attemptto determinethe lifetime of objects,

by finding environmentsfrom which suchobjectscannotescape.The representationfor

suchenvironmentscanbea stackframe[15], sothatobjectsaredirectly associatedwith a

“deeper”stackframethanthemethodin which they areinstantiated.

Also, the notion of an environment-escapehasbeengeneralizedto that of a re-

gion [20,19]. Regionsareperhapstheclosestin natureto theideasexpressedin this thesis.

As with our approach,regionscandecreasethe needfor mark-basedgarbagecollection.

A region essentiallyintroducesa stack-basedpair of allocationanddeallocationsitesfor

anobject,wherethesitesaredeterminedby staticanalysisandnot by a program’s syntax.
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The distinguishingfeaturebetweenregionsandour work is that regionsaredetermined

statically, while our approachoperatesdynamically.

It is not clearthatregionsarebetteror worsethanour approach.

� Our approachcontinuallyenlargesthe“region” associatedwith anobject,whenthe

objectis referencedby objectswith longerlifetimes.For example,theinstructionse-

quenceshown in Figure2.2 leavesall objectsdependenton frame � in ourapproach.

Staticanalysis(suchasproposedin the “regions” work) could easilyshow that A

couldbecollectedwhenframe � pops.

� Becausestaticmethodsmustaccommodateany paththroughaprogram,it is possible

thatourapproachcanfarebetterbecauseit adjuststheexpectedexpirationof objects

dynamically, asdeterminedby actualexecutionpathsin a program.Thus,we might

determinethatanobjectcanbereleasedat a point prior to thatwhich staticanalysis

canshow thattheobjectis free.

Theintegrationof our methodwith staticapproachesis thesubjectof futurework.

5.1 The Train Algorithm

Our approachis influencedby the train algorithm [12, 17]. That algorithm continually

reorganizesthe heapso that objectsthat referenceeachother are clusteredat the time

thatsuchobjectsaredead.In the jargonof the train algorithm[12], our approachcanbe

expressedasfollows. Eachstackframeis associatedwith a train. Whenthestackframeis

popped,all carsof theframe’s trainareknown to befree,sowesimplyreturnthoseobjects

to the heap. The train algorithm moves objectsbetweencarsof trains during garbage

collection,with thegoalof clusteringobjectsthatreferenceeachother. Insteadof moving

individual objects,our approachessentiallyjoins two trains,leaving themattachedto the

appropriatestackframe.Wearelessprecisethanthetrainalgorithm,becausewedealwith
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objectsonly in termsof their containingtrains. Also, oncetrainsare joined, we do not

considerseparatingthemunlesswe have resettingof our structuresenabled,asdescribed

in section3.6.

The train algorithmis moreprecise,but—like all generationalapproaches—itre-

quireskeepingtrack of certainkinds of references.In summary, our approachdoesnot

supplantthetrain algorithm. Both approachesareincremental:objectsthataredeadmay

go uncollectedfor sometime. Our approachavoids marking,andstorageis returnedas

methodframesarepopped.The integrationof our methodwith the train algorithmis the

subjectof futurework, asdiscussedin Chapter6.
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Chapter 6

Conclusionand Futur eWork

We have presenteda simplebut conservative approachfor trackinganobject’s dependent

frame.Our experimentsshow thefollowing.

� A reasonablepercentageof objectsarecollectableby our approach(Figure4.1 and

Figure4.9).

� Of thoseobjectsthat areCG-collectable,mostoccurin blockswith threeor fewer

objects(Figure4.5).

� For someprograms(suchasjavac andjack), mostobjectsthatwecancollectare

collectedwithin oneor two framesof their birth (Figure4.6). For otherprograms

(suchasraytrace andmpegaudio), a majority of objectsare collectedmore

than5 framespasttheir birth frame.

� Although our approachperformsreasonablywell for the small runs of the SPEC

benchmarks,weseeimprovementson themorepracticalsizesof 10 and100.

In responseto theseobservations,our plansfor thefutureincludethefollowing.

To gainbetterinsight into whenandhow well objectscanbecollected,we planto

identify thepoint at which
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� anobjectbecomescollectable

� traditional(exact)garbagecollectioncollectsit

� CG collectsit

While it appearsthata largenumberof objectscanbereclaimedefficiently by our

approach,our resultssuggestthefollowing possibilitiesfor futurework.

� Theoperationsneededto maintaintheequilive setsaresufficiently simplethat they

mightbeincorporateddirectly into astoragearchitecture.

� The equilive singletonsetscould be maintained“by type”. Thus, when a frame

is popped,therewould be a collectionof free objectsof a given type. Insteadof

returningsuchobjectsto ageneralfree-storagepool, they couldberecycledthenext

time objectsof that type areneeded.For languageslike Java, whereobjectsof a

giventypealwaystake thesamesize(exceptfor arrays),suchobjectrecycling could

havea big payoff.

Moreover, thiscouldimprovethereferencelocality of aprogram.Others[8, 11] have

suggestedusinggarbagecollectionasa time to reorganize(live) storageto improve

locality. If CG canrecycle thedeadstorage,thenthenext instantiationof anobject

typemayhave its dataalreadyin cache.

� On its own, our approachnever improvesthedependentframeof anequilive block.

However, it may be possiblethat suchinformationcould be resetwhentraditional

collection is performed. Suchfreshstartsmay give our approachmore latitudein

findingdeadobjects.

� Becausemany objectsappeartobecollectablewhentheirbirth framepops,it is worth

consideringhow suchobjectscouldbecollectedsooner. In particular, anobjectin a
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size-1setcanbecollectedonceits dependentframeno longerreferencestheobject.

Thiscouldhappenwell beforetheexecutingmethod’s framepops.

Staticanalysis[7, 19] mayhelpdeterminewheresuchvariablesdie. Also, it is pos-

siblethatanefficientdynamicschemecoulddetectthatsuchvariablesaredead.

� Staticanalysismight alsohelpby determiningtheconditionallivenessof objects.If

object
�

canbeshown to beasliveasobject � , andwecantell that
�

is dead,then

� mustalsobedead.

� Our treatmentof thread-sharedobjectsis to considerthemlive for theprogram’sdu-

ration. Instead,a setof dependentstackframescouldbeassociatedwith anequilive

block. Furtherinvestigationis neededto exploretheexpenseandbenefitsof a more

generalapproach.

� Ourapproachcouldcomplimentthetrainalgorithmby collectingobjectswhenmeth-

odsreturn. Exactcollectionmight berequiredlessfrequently. Also, the train algo-

rithm couldupdateour structureswhenit doesrun, sharpeningtheeffectivenessof

our approach.
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Appendix A

Data

benchmark Total Percentage
numof of staticobjects

staticobjects dueto threads
compress 4578 0%
jess 17876 0%
raytrace 4644 1%
db 4907 0%
javac 19745 72%
mpegaudio 7003 0%
mtrt 4628 1%
jack 43806 0%

FigureA.1: Percentageof objectsthatwe treatasstatic(live for theprogram’s duration)
dueto sharingamongthreads.
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benchmark popped static thread
compress 545 4576 2
jess 27991 17874 2
raytrace 272316 4599 45
db 2701 4905 2
javac 6366 5490 14255
mpegaudio 547 7001 2
mtrt 271456 4583 45
jack 349936 43804 2

FigureA.2: Objectbreakdown, smallruns.

benchmark popped static thread
compress 629 4602 2
jess 84723 21788 2
raytrace 554204 4599 99
db 116123 5889 2
javac 112789 5972 92060
mpegaudio 591 8493 2
mtrt 794189 4585 116
jack 699794 80525 2

FigureA.3: Objectbreakdown, mediumruns.

benchmark popped static thread
compress 1862 4708 2
jess 7846779 77882 2
raytrace 6342111 4455 414
db 3206483 5048 2
javac 3806149 8464 2045161
mpegaudio 718 6864 2
mtrt 6582100 4445 431
jack 6232144 631184 2

FigureA.4: Objectbreakdown, largeruns.
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Benchmark CG JDK
compress 319.022 292.779
compress 319.515 292.628
compress 318.993 292.277
compress 318.564 292.493
compress 318.86 293.011
jess 5.76 5.114
jess 5.726 5.072
jess 5.706 5.118
jess 5.692 5.062
jess 5.704 5.206
raytrace 33.726 27.639
raytrace 41.12 27.729
raytrace 33.71 27.686
raytrace 33.82 28.461
raytrace 33.709 27.937
db 0.688 0.636
db 0.689 0.639
db 0.689 0.637
db 0.699 0.664
db 0.695 0.703
javac 3.326 3.609
javac 3.333 3.605
javac 3.33 3.64
javac 3.336 3.619
javac 3.35 4.113
mpegaudio 34.018 33.284
mpegaudio 34.393 33.343
mpegaudio 34.426 33.361
mpegaudio 34.028 33.5
mpegaudio 34.773 33.474
jack 70.554 64.187
jack 70.729 64.086
jack 70.493 64.203
jack 70.866 64.222
jack 70.596 64.45

FigureA.5: SPECbenchmarks,smallruns.
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Benchmark CG JDK
compress 372.657 346.708
compress 372.731 347.075
compress 372.729 346.671
compress 372.701 346.164
compress 372.841 346.68
jess 54.5 49.725
jess 54.431 49.759
jess 54.575 49.103
jess 54.433 49.678
jess 54.55 48.909
raytrace 99.598 78.017
raytrace 97.524 77.937
raytrace 97.706 78.198
raytrace 97.574 77.816
raytrace 97.58 78.379
db 42.925 39.352
db 42.916 39.338
db 43.571 39.353
db 43.166 39.363
db 42.965 39.38
javac 31.794 29.454
javac 31.648 29.185
javac 31.807 29.208
javac 32.673 29.16
javac 31.772 29.502
mpegaudio 355.008 345.737
mpegaudio 352.475 346.363
mpegaudio 353.407 345.186
mpegaudio 361.457 345.33
mpegaudio 352.464 345.516
jack 140.567 128.599
jack 140.969 128.852
jack 140.979 128.719
jack 140.946 129.304
jack 140.686 129.127

FigureA.6: SPECbenchmarks,mediumruns.
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Benchmark CG JDK
compress 5536.811 5444.246
compress 5546.523 5458.166
compress 5540.937 5460.112
compress 5544.716 5461.799
compress 5529.341 5456.450
jess 1107.007 3668.475
jess 1268.469 3628.811
jess 1135.807 3750.79
jess 1114.949 3635.839
jess 1113.318 3563.147
raytrace 1425.78 2321.214
raytrace 1394.654 2339.595
raytrace 1417.778 2340.03
raytrace 1385.052 2618.47
raytrace 1354.019 2344.222
db 3227.322 3043.220
db 3231.903 3039.893
db 3237.756 3055.134
db 3229.218 3057.607
db 3228.809 3042.432
javac 1755.543 4949.161
javac 1776.483 4990.91
javac 1799.675 4931.495
javac 1835.242 5006.536
javac 1799.431 4931.756
mpegaudio 3600.563 3914.408
mpegaudio 3599.813 3873.521
mpegaudio 3606.237 3701.674
mpegaudio 3597.167 8363.869
mpegaudio 3683.987 3654.349
jack 1323.306 2771.095
jack 1338.635 2761.07
jack 1471.035 2700.231
jack 1333.17 2669.262
jack 1343.598 2610.093

FigureA.7: SPECbenchmarks,largeruns.
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