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ABSTRACT

Now thattheuseof garbagecollectionin languagesike Jazais be-
comingwidely acceptedlueto the safetyandsoftwareengineering
bene tsit provides,thereis signi cant interestin applyinggarbage
collectionto hardreal-timesystems.Pastapproachesave gener
ally suffered from one of two major aws: eitherthey were not
provably real-time,or they imposedarge spaceoverhead$o meet
thereal-timebounds.

Our previous work [3] presentedhe Metronome a mostly non-
copying real-timecollector The Metronomeachiezesworst-case
pauseimesof 6 millisecondswhile maintainingconsistentmutator
CPUutilization ratesof 50%with only 1.5-2. ltimesthemaximum
heapspacerequiredby the application,which is comparablevith
spaceequirementsor stop-the-verld collectors.

However, that algorithmassumed constantcollectionrate,ig-
noredprogram-dependenharacteristicandlackedaprecisespec-
i cation for whento trigger collectionor how muchdefragmenta-
tion to perform. This paperre nes the model by taking into ac-
count programpropertiessuchas pointer density averageobject
size,andlocality of objectsize. This allows usto boundboth the
time for collectionand consequentlyhe spaceoverheadrequired
muchmoretightly. We shav experimentallythat mostparameters
usually are not subjectto large variation, indicating that a small
numberof parameterswill be sufcient to predictthe time and
spaceequirementgaccurately

Our previous work also did not presentthe details of our ap-
proachto avoiding and undoingfragmentation. In this paperwe
presenta moredetailedanalysisof fragmentatiorthanin previous
work, andshav how our collectoris ableto boundfragmentation
to acceptabldimits.
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1. INTRODUCTION

Garbagecollectedlanguagedik e Jasaaremakingsigni cant in-
roadsinto domainswith hardreal-timeconcernssuchasautomo-
tive command-and-contraystems However, theengineeringand
productlife-cycle advantagesconsequenfrom the simplicity of
programmingwith garbageollectionremainunavailablefor usein
the corefunctionality of suchsystemswherehardreal-timecon-
straintsmustbe met. As aresult,real-timeprogrammingrequires
the useof multiple languagesor at least(in the caseof the Real-
Time Speci cationfor Java [7]) two programmingmodelswithin
the samelanguage. Therefore,thereis a pressingpracticalneed
for asystemthatcanprovide real-timeguaranteefor Java without
imposingmajorpenaltiesn spaceor time.

In previouswork [3], we presentedhe designandevaluationof
a uniprocessocollectorthatis ableto achieve high CPU utiliza-
tion during collectionwith far lessmemoryoverheadthan previ-
ousreal-timegarbagecollectors,andthatis ableto guarantedime
and spaceboundsprovided that the applicationcanbe accurately
characterizedn termsof its maximumlive memoryand average
allocationrateover a collectionintenal.

Thecontrikbutionsof thiswork are

A morepreciseanalysiof fragmentatiorthanpreviousstud-
ies of garbagecollectedsystemsyith an experimentaleval-
uationof the ef cacy of ourtechniquedor avoidingandun-
doingfragmentation;

A precisecostmodelfor the time requiredfor performing
real-time incrementalgarbagecollection, which allows us
to boundthe time requiredfor collectionandthe associated
spaceoverheador real-timeoperationrmuchmoreprecisely
thanin previouswork; and

An evaluationof therelationshipbetweermutatorCPU uti-
lization level and spaceconsumptiorin areal-timegarbage
collectedervironment.
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Figure 1: Pausetime distrib utions for javacin the Metronome,
with target maximum pausetime of 6 ms. Note the absenceof
a‘“tail” after the targettime.

The paperis organizedasfollows: Section2 givesan overvien
of our previous work on the Metronomecollector Section3 an-
alyzesthe causesof fragmentationand Section4 describesour
mechanisméor avoidanceandremoval of fragmentationSectiorb
describeshe way in which we obtaintime boundsfor collection,
providesa modelfor the costof collection,andevaluatesherele-
vantmetrics.Section6 presentsighterspaceboundsanddescribes
the conditionsfor triggeringcollection. Section7 discusseselated
work.

2. OVERVIEW OF THE METRONOME

We begin by summarizingthe resultsof our previous work [3]
and describingthe algorithm and engineeringof the collectorin
sufcient detailto sene asa basisfor understandinghe work de-
scribedin this paper

Our collector the Metronome,is an incrementaluni-processor
collectortargetedat embeddedystems.t usesa hybrid approach
of non-coping mark-sweein thecommoncase)andcopying col-
lection(whenfragmentatioroccurs).

The collectoris a snapshot-at-the-gening algorithmthatallo-
catesobjectsblack (marked). While it hasbeenarguedthatsucha
collectorcanincreaseoating garbagetheworst-casgerformance
is nodifferentfrom otherapproacheandtheterminationcondition
is easierto enforce.Otherreal-timecollectorshave useda similar
approach.

Figuresl and2 shav thereal-timeperformancef our collector
Unlike previous real-timecollectors,thereis no “tail” in the dis-
tribution of pausetimes,CPU utilization remainsvery closeto the
target,andmemoryoverheads low — comparabldo the require-
mentsof stop-the-verld collectors.In this sectionwe explain how
the Metronomeachievesthesegoals.

2.1 Featuresof our Collector
Our collectoris basedn thefollowing principles:

SegregatedFreelLists. Allocation is performedusing segregated
freelists. Memoryis dividedinto x ed-size¢pagesandeach
pageis divided into blocksof a particularsize. Objectsare
allocatedfrom the smallestsize classthat can containthe
object.
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Figure2: CPU utilization for javac under the Metr onome.Mu-
tator interval is 6 ms, collector interval is 6 ms, for an overall
utilization targetof 50%; the collector achievesthis within 3%
variation.

Mostly Non-copying Sincefragmentatioris rare,objectsareusu-
ally notmoved.

Defragmentation. If a pagebecomedragmentecdueto garbage
collection,its objectsaremovedto anothei(mostlyfull) page.

ReadBarrier. Relocationof objectsis achieed by using a for-
wardingpointerlocatedin the headerof eachobject[8]. A
readbarriermaintainsa to-spacenvariant(mutatorsalways
seeobjectsin theto-space).

IncrementalMark-Sweep. Collectionis a standardincremental
mark-sweesimilarto Yuasas snapshot-at-the-gening al-
gorithm[18] implementedvith aweaktricolor invariant. We
extendtraversalduringmarkingsothatit redirectsany point-
erspointing at from-spaceso they point at to-space.There-
fore, at the endof a markingphasethe relocatedobjectsof
thepreviouscollectioncanbefreed.

Arraylets. Large arraysare brokeninto x ed-sizepieces(which
we call arraylets)}to boundthe work of scanningor copying
anarrayandto boundexternalfragmentatiorcausedy large
objects.

Sinceour collectoris not concurrentwe explicitly control the
interleaving of the mutatorandthe collector We usethe termcol-
lectionto referto acompletemark/sweep/defragmeongcle andthe
termcollectorquanturrto referto ascheduleguanturrin whichthe
collectorruns.

2.2 ReadBarrier

We usea Brooks-stylereadbarrier[8]: eachobjectcontainsa
forwardingpointerthat normally pointsto itself, but whenthe ob-
jecthasbeenmoved, pointsto the moved object.

Our collector thus maintainsa to-spaceinvariant: the mutator
alwaysseeshe new versionof an object. However, the setscom-
prising from-spaceand to-spacehave a large intersection,rather
thanbeingcompletelydisjointasin apurecopying collector

While we useareadbarrierandato-spaceanvariant,our collec-
tor doesnot suffer from variationsin mutatorutilization because
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Figure 3: Tuning the performance of an application (mutator)
with the collector. The mutator and collector eachhave certain
intrinsic properties(for the mutator, the allocationrate over the
time interval of a collection,and the maximum live memory us-
age;for the collector, the rate at which memory canbetraced).
In addition, the usercanselect,at agiventime resolution,either
the utilization or the spacebound (the other parameter will be
dependent).

all of thework of nding andmoving objectsis performedby the
collector

Readbarriers especiallywhenimplementedn software,arefre-
quentlyavoidedbecausehey areconsideredo be too costly We
have shawvn that this is not the casewhenthey are implemented
carefullyin anoptimizing compilerandthe compileris ableto op-
timize thebarriers.

We apply a numberof optimizationsto reducethe costof read
barriers,including well-known optimizationslike commonsube-
pressiorelimination,aswell asspecial-purposeptimizationslike
barriersinking, in which we sink the barrierdown to its point of
use,which allows the null-checkrequiredby the Jasa objectderef-
erenceo befoldedinto thenull-checkrequiredby thebarrier(since
the pointercanbe null, the barriercannot performthe forwarding
unconditionally).

This optimizationworks with whatever null-checkingapproach
is usedby the run-time system whethervia explicit comparisons
or implicit trapson null dereferencesThe importantpoint is that
we usuallyavoid introducingextra explicit checksfor null, andwe
guarante¢hatary exceptiondueto anull pointeroccursatthesame
placeasit would have in theoriginal program.

Theresultof our optimizationds thatfor the SPECjvm9&ench-
marks,readbarriersonly have a meancostof only 4%, or 9.6%in
theworstcase(in the201.compress benchmark).

2.3 Time-BasedScheduling

Our collector can use either time- or work-basedscheduling.
Most previous work on real-timegarbagecollection, startingwith
Baker's algorithm [4], hasusedwork-basedscheduling. Work-
basedalgorithmsmayachieve shortindividual pausetimes,but are
unableto achieve consistentitilization.

The reasonfor this is simple: work-basedalgorithmsdo a little
bit of collectionwork eachtime themutatorallocatesnemory The
ideais that by keepingthis interruptionshort, the work of collec-
tion will naturallybespreadevenlythroughoutheapplication.Un-

fortunately programsare not uniform in their allocationbehaior
over shorttime scales;rather they arebursty As a result, work-
basedstratgies suffer from very poor mutatorutilization during
suchburstsof allocation.

In fact, we shaved both analytically and experimentally that
work-basedcollectorsare subjectto theseproblemsand that uti-
lization oftendropsto 0 atreal-timeintenals.

Time-basedschedulingsimply interleavesthe collectorandthe
mutatoron a x ed schedule. While therehasbeenconcernthat
time-basedsystemsmay be subjectto spaceexplosion, we have
shavn thatin factthey are quite stable,andonly requirea small
numberof coarseparametershat describethe applications mem-
ory characteristicé orderto functionwithin well-controlledspace
bounds.

2.4 Provable Real-time Bounds

Our collectorachievesguaranteegerformancerovidedthe ap-
plication is correctly characterizedy the user In particular the
usermustbe ableto specify the maximumamountof simultane-
ouslylivedata aswell asthe peakallocationrateover thetime
interval of agarbagecollection . Thecollectoris param-
eterizedby its tracingrate

Giventhesecharacteristic®f the mutatorandthe collector the
userthenhastheability to tunetheperformancef thesystenmusing
threeinter-relatedparameterstotal memoryconsumption , min-
imum guaranteedCPU utilization , andtheresolutionat which
theutilizationis calculated

Therelationshipbetweertheseparameterss shavn graphically
in Figure3. Themutatoris characterizedby its allocationrateover
theintenal of agarbagecollection andby its maximum
memoryrequirement . Thecollectoris characterizedby its col-
lectionrate . Thetunableparameter@re , thefrequenyg at
which the collector is scheduledand either the CPU utilization
level of theapplication  (in whichcaseamemorysize is deter
mined),or amemorysize which determineghe utilization level

3. CAUSESOF FRAGMENTATION

Memory consistsof pagesof size . Eachpageis dividedinto
X ed-sizeblocks, with a maximumblock size of and are
generallypowersof two. Thereare differentblock sizeclasses
, Where
Thetotal fragmentatiorin the systemconsistof threetypes:

unusedspaceat the endof ablock (internalfragmentation);

unusedspaceat the end of a page(which we have named
page-internalfragmentatiof;, and

unusedlocksthatcould satisfya requesfor a differentsize
object(externalfragmentation).

Our useof the term externalfragmentationis not the standard
one,but it is consistentvith the existing de nitions.

3.1 Internal Fragmentation

Internalfragmentatioris fundamentallyexpressedasa ratio be-
tweenthe inherentspacerequiredby live objectsand the actual
spacehey consumeWe thusde ne theabsolutenternalfragmen-
tation asfollows. The memoryis consideredo be dividedinto
blocks and is the sizeof the block,
is the size of the objectresidingin the block, and is 1if
theblock containsa live objectand0 otherwise.Thusthe absolute



internalfragmentationis

1)
andthetotal live datais
2
sotherelative internalfragmentationis
— 3

Note that this is the de nition of fragmentationat a particu-
lar pointin time, andfurthermore the useof the predi-
cateimplicitly assumethatinformationfrom thegarbageollector
markingphases availableandprecise.

3.1.1 Contwlling Internal Fragmentation

Bemgeretal. [6] discusghe problemsdueto internalfragmenta-
tion in a sggregatedlist allocator andusea ratio betweeradjacent
block sizesto boundinternalfragmentatiorin the Hoardcollector
suchthat

4)
where is the maximumacceptablénternal fragmentatiorratio.
We adoptthis stratgyy aswell.

However, all non-defragmentingollectorsfacea fundamental
tradeof: a smallratio betweensizesminimizesinternalfragmen-
tation but increasesxternalfragmentatiorbecausdree blocksare
scatterecamonga larger numberof freelists. Johnstong14] ob-
senedthatthe coarsesizeclasseghatarecommongenerallylose
moreto internalfragmentatiorthanthey gainfrom avoiding exter-
nal fragmentation.

A majoradwantageof our collectoris thatwe canallow a small
ratio betweenblock sizesbecausave know thatif fragmentation
occurs,the blockswill be compactedallowing us to redistrikute
unusedpagedo othersizes.In this senseour collectoris adaptve,
respondingto the changingobject size needsof the application.
While it is in a steadystate the distribution of objectsizesis rela-

tively constantandsowe expectto performlittle defragmentation.

3.2 Page-Intemal Fragmentation

Page-internafragmentatiorhasnotrecevedmuchattention but
canoccasionallyleadto signi cant lossof space.n particular the
ratiobetweerthepagesize andthemaximumblocksize must
bechosercarefully, orin pathologicakase$0%of memorycould
bewasted.

Forinstanceacommonpracticeis for objectsupto halfthepage
size( ) tobeallocatedn blocks,andfor largerobjectsto beal-
locatedasa setof contiguougpages.Thismeanghatanapplication
thatallocatesmary objectsof size will experienceapprox-
imately50% fragmentation.

Moregenerallypage-internalragmentatioris boundedy

Formally, memoryis consideredo consistof  pagesdenoted

. is the sizeof the blocksin , and
is 1 if the pagecontainslive blocks and 0 otherwise. Thus the
absolutgpage-internafragmentatioris

©)

andsincepage-internafragmentatioralwaysoccurson pageghat
have atleastonelive block, whichmustbelargerthanthefragment

attheendof the page therelative page-internafragmentatiorcan
beexpressedis

— (6)

3.3 External Fragmentation

In orderto performdefragmentationye must rst beableto de-
ne andmeasuraghefragmentatiorievel. Onthe mostnave level,
we saythata pagethatis discoreredto be emptyandis therefore
usableby ary sizeis not fragmentedsimilarly, a pagethatis fully
occupiedwith live objectsis not fragmented.Thusfragmentation
occursonly in pageghatcontainamixtureof live anddeadobjects.

Formally, we de ne to be 1 if the pagecontainslive
blocks, to bethe setof block indicesfor blocksin
and . Thenin the simplesttermsthe
absoluteaxternalfragmentatiorcanbede ned as

@)

However, this measurés fartoo conserative. Objectallocation,
like mary otherthings,generallyobeys alocality property:locality
of size. Thatis, if the programallocatesalot of objectsof size
in therecentpast,it is likely to continueto do soin thenearfuture.
Thus,a programwith locality of sizewill likely re-usemary of the
“fragmented”blocksbeforethe next collection,andthereforeary
effort spentin defragmentinghoseblockswould be wasted.

If we could perfectly predictthe mutators future behaior, we
couldde ne tobelif block isdeadandwill notbe
re-usedby the mutatorbeforethenext collection,andO otherwise.
Thena perfectde nition of externalfragmentations

(€

Of course,we cannot make useof suchan oracularfunction.
However, we canapproximatet fairly accuratelyin practiceby us-
ing thelocality of sizeproperty:the numberof objectsin sizeclass

thatwerere-usedsincethe last collectionwill oftenbe a good
predictorof thenumberof objectsthatwill bere-useduntil thenext
collection. We call anobjectthathasbeendeadfor morethanone
collectioncycle amummy We caneasilyde ne (andcomputethe
predicate fromthe predicateappliedto the
currentand previous collection cycles. Thena practicalapproxi-
mationfor externalfragmentations

©)
3.3.1 RelativeExternalFragmentation

However, how to de ne therelative fragmentatioris moreprob-
lematic. Previous work hasbeenalmostentirely in the context of
explicit memoryallocation,wherethe programmesexplicitly calls
free() to releasea block of memory Evenin this environment,
the questionof how to quantify fragmentatioris problematic.

Johnston@andWilson [15] considerfour differentwaysof mea-
suring fragmentationthreeof which arerelative to the maximum
memoryallocatedby the program. Note that their model for al-
locationis that the allocatorattemptsto satisfy the requestirom
its available pool, andon failure getsmore memoryfrom the un-
derlying systemusing sbrk() . As a result, the heapsizeis a
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Figure 4: Fragmentation at and

monotonicallyincreasingunction,andthey arealwaysmeasuring
fragmentatiorrelative to the amountof memoryin useat the end
of theprogram.

On the otherhand,in a garbagecollectedsystem,the applica-
tion typically runsuntil somepre-de nedheapsizeis exhaustedat
which point collection and possibly compaction(either by semi-
spacecopying, sliding compaction,or other techniques)is per
formed. Thusif the heapsizeis , we could de ne the relatve
external fragmentatioras , but this hasthe olvious
disadantagethatit is entirely dependentiponthe heapsize with
whichweruntheprogramandcanthereforemisrepreserntequal-
ity of thesystem.

Somecollectorsheuristically allocate more heap spaceunder
certainconditions,andthis is often importantfor achieving good
real-world performancebut it furthercomplicategshealreadycon-
fusingquestionof how to de ne relative externalfragmentation.

Johnstoneand Wilson suggesthat fragmentatioris primarily a
problemat allocationspikes, andthis is certainlytrue. However,
their primary methodfor measuringiragmentationis to compare
the peakmemory utilization (at the end of the run) to the maxi-
mum utilization (at ary pointin the run). Sucha measureseems
problematic sincethetwo pointsaredisjointin time.

Fundamentallythe relative externalfragmentatiorshouldmea-
surewhatproportionof the spaces beingwasted.Therefore free
blockswhich areavailablefor ary sizeclassshouldnot be consid-
ered.Insteadwe de ne relative externalfragmentatiorin termsof
the amountof memorywhich is not availablefor arbitraryalloca-
tion, relative to the amountof memoryin use:

— (10)

3.4 Size-Extemnal Fragmentation

It is furtherusefulto separatelyonsidera particularkind of ex-
ternalfragmentationnamelythatwhich occurswhenfor example
thereis a singleobjectof a givensizeclass.In thatevent,no mat-
ter whatthe size of the object,andno matterwhetherwe areable
to perform defragmentationthe objectwill consumea full page.
We call this sizeclassfragmentation sinceit is a type of external
fragmentatiorthatoccurswithin a sizeclass.

Fortunately size classfragmentatioris limited to one pageper
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Figure 5: Reductionin maximum heaprequirementdue to de-
fragmentation

sizeclass,soif thereare sizeclassegshe size-eternalfragmen-
tation is boundedby However, sincewe are aggressie
in our useof signi cant numbersof sizeclassego avoid internal
fragmentationthis overheadnaybe signi cant on certaintypesof
memory-constrainedevices. In our implementation and
KB, so KB.

Size classfragmentationis the portion of the fragmenteddata

thatcannotbedefragmentedit is computedasfollows:

(11)
(12)

where is thetotal sizeof allocatedblocksfor sizeclass
and computeghe numberof residualblocksthatcould not
be compactedntocompletelyfull pageswhichis subtractedrom
the pagesize to get the numberof byteslost in this “last page”.
Finally,  simply sumsthetermsfor all sizeclasses.

3.5 Measurements

Figure4 shaws the contritutions of the differenttypesof frag-
mentationfor the SPECjvm9&enchmarksisingtwo differentge-
ometricsizeclassprogressions: , whichis whatwe usein
oursystemand , whichis acommonvaluein systemghat
arenotableto performdynamicdefragmentation.

Thebottom-mosbarshavsthecontrikutionof internalfragmen-
tationwhich varieswith , whichis mostapparentn db, javac ,
mpeg, andcompress .

Not surprisingly page-internafragmentationis negligible, al-
thoughit is visible for mpeg.

The black barsshav true external fragmentation: blocks that
have mummi ed, or not beenallocatedfor morethana full collec-
tion cycle. Theseblockshave reducedhe effective heapsizeand
forcedcollectionto begin sooner reducingthe overall throughput
of thesystem.

The“RecentlyDead” barindicatesblocksthatarefree but were
in useduringthe previous collectioncycle; therefore dueto local-



ity of sizewe expectto re-usethemduring the comingcycle and
do not considerthemascontrituting to externalfragmentation.
Figure5 shaws the effectivenesof defragmentatioby measur
ing the minimum heapsizein which the applicationcanrun when
the collectoroperatesn stop-the-verld mode.Obviously, thereal-
time collector doesnot stop the mutators;this is more of a limit
studyof the capabilityof defragmentatiomo reduceheapusage.
Thegraphshavstheoriginalheaprequirementtheheaprequire-
mentwith defragmentatioturnedon, andthe maximumlive data
requiremenbf the application(which is the lower bound). With
the exceptionof javac , defragmentatiomllows usto runthe ap-
plicationin a heapthatis very closeto the minimumsize.

4. DEFRAGMENTATION

Now thatwe have de nedthevariouskindsof fragmentationywe
cansummarizeour strategy for preventingfragmentatioroverall:

internalfragmentationis limited to by settingneighboring
sizeclasseso ;
page-internafragmentatiornis limited to ; and

externalfragmentatioris eliminatedby the useof arraylets
and explicit defragmentatioras requiredto maintainreal-
time bounds.

In ourimplementationyve use , or 16 KB pagesanda
maximumblock size or 2 KB. We use to limit
internalfragmentationyvhich gives sizeclasses.

Sincewe never subdvide pagesnto objectdargerthan ,
thelossof spacen our collectordueto page-internalragmentation
is boundechy .

Aswewill describdn Section6.2,our systemautomaticallyde-
termineshov mary pagesmustbe defragmentedn orderfor the
systemto be ableto guaranteehatit will continueto meetreal-
time bounds.

Giventhistargetnumberof pageswedivide thedefragmentation
work asevenly aspossibleacrosgheindividual sizeclassesEach
sizeclassconsistof alinkedlist of pages.

Thealgorithmwe usefor defragmenting sizeclassis:

1. sortthe pagesy thenumberof unusedbjectsperpage.

2. settheallocationpointerto the rst non-full pagein there-
sultinglist.

3. setthepageto evacuateo thelastpagein thelist.

4. while thetargetnumberof pagego evacuaten thissizeclass
hasnotbeenmet,andthethepageto evacuatedoesnotequal
thepagein whichto allocatemove thelive objectsfrom the
pageto evacuateinto the next available objectin the pageat
theheadof thelist.

This stratgy performsdefragmentatiotvy moving objectsfrom
themostlightly usedpagesontopageghatarealmostfull. There-
sultis thatthe minimal numberof objectmovesis performedand
themaximalnumberof completelyfull pagess created.Thelatter
partof the stratey mayresultin poorcacheocality, soit mightbe
moredesirableio move objectsonto pageshathave alargernum-
ber of free blocksin orderto presere someof thelocality among
themovedobijects.

5. TIME BOUNDS

In our previouswork [3], thetime requiredto collect MB of
live memorywasdescribedy asingleparameter , thecollection
ratein MB/s . However, our measurementshavedthattheactual
collectionrate varied from applicationto applicationby as much
as50% (36.7-57.4VIB/s). Furthermorethis constanassumeshat
collectiontime is entirely dependenbn the mark phaseof collec-
tion. While thisis oftentrue, it is somavhatimpreciseandmaybe
falsefor certainunusuakpplications.

In a time-scheduleaollector the parameter determineshe
amountof excessmemory requiredfor the mutatorto be ableto
continueto runwhile afull collectionis performed.

In this sectionwe re ne the notion of how we estimatethe time
requiredto performa collection. In thefollowing sectionwe shav
how thiscanbeusedo tightentheboundontheheapsizenecessary
in orderto meetreal-timerequirements.

5.1 Our Previous Work

For clarity of expositionwe brie y recapitulatehederivation of
time andspaceboundsrom our previouswork [3]. In Sectionss.2
andlaterwe will shav how thesederivationscanbere ned to pro-
ducetighterspaceébounds

We cande ne the real-timebehaior of the combinedsystem
comprisingthe userprogramand our garbagecollector with the
following parameters:

is the amountof memory allocatedin the time

interval in MB/s.

is the total amountof live memoryattime in MB
(excludinggarbagepverheadandfragmentation).

is the garbagecollector processingate (MB/s). Since
oursis atracingcollector thisis measuredver live data.

A time is onanidealizedaxisin which the collectorrunsin-
nitely fast— we call this mutatortime. As a practicalmatterthis
canbethoughtof astime measureavhentheprogramhassufcient
memoryto run without garbagecollecting.

5.1.1 MappingBetweerMutatorandRealTime

Now considera realisticexecutionin which the collectoris not
in nitely fast.Executionwill consistof alternateexecutionsof mu-
tatorandcollector Time alongrealtime axiswill be denotedwith
thevariable .

The function mapsfrom realto mutatortime, where

. Functionsthat operatein mutatortime are written
while functionsthatoperatdn realtime arewritten

Thelive memoryof theprogramattime is thus

(13)
and the maximum memory requirementover the entire program
executionis

(14)

5.1.2 Time-Basedddeduling

Time-basedchedulingnterleavesthe collectorandmutatorus-
ing x edtime quanta. It thusresultsin even CPU utilization but
is subjectto variationsin memoryrequirementsf the memoryal-
locationrateis uneven. A time-basedeal-timecollectorhastwo
additionalfundamentaparameters:

In [3] we called this parameter , but we use
becauseve have used

in this paper
to denotethe numberof pages.



is themutatorquantum:the amountof time (in seconds)
thatthe mutatoris allowed to run beforethe collectoris al-
lowedto operate.

is the time-basedtollectorquantum(in secondf col-
lectiontime).

For thetime being,we assumehatthe scheduleis perfect,in the
sensethat it always scheduleghe mutatorfor precisely sec-
onds.A typical valuefor mightbe10ms.

ChengandBlelloch [10] have de ned the minimummutatoruti-
lizationor MMU for agiventimeinterval  astheminimumCPU
utilization by the mutatorover all intenvals of width . Fromthe
parameters and  wecanderivetheMMU as

(15)

wherethe rst termin thenumeratoicorresponds$o the numberof
wholemutatorquantain theinterval, andthe termcorrespondso
thesizeof theremainingpartialmutatorquantumwhichis de ned
as

(16)

While this expressionis fairly avkward, asthe numberof intervals
becomedarge, it reducedo the straightforvard utilization expres-
sion

a7

Now considetthespacautilization of atime-scheduledollector
Sincewe areassuminghe collectionrateis constantattime the
collectorwill runfor secondso processhe livedata
(sinceour collectoris trace-basedyork is essentiallyproportional
to live dataandnot garbage)ln thattime, the mutatorwill run for

secondgper  secondsxecutedby the collector Therefore,
in orderto run acollectionattime , we requireexcessspaceof

—_— (18)

We furtherde ne the maximumexcessspacerequiredas

(19)

Freeingan objectin our collector may take as mary asthree
collections:the rst is to collectthe object; the seconds because
theobjectmayhave becomegarbagemmediatelyafteracollection
began,andwill thereforenotbediscosereduntil thefollowing col-
lectioncycle; andthethird is becausave mayneedto relocatethe
objectin orderto make useof its space.The rst two properties
areuniversalto incrementakollection; the third is speci ¢ to our
approach.

As aresult,the spacerequiremenbf our collectorpairedwith a
given application(including unreclaimedyarbage put not includ-
ing internalfragmentationpttime is

(20)

andtheoverall spaceequirements
(21)
However, theexpectedspacautilizationis only , andthe

worst-casedtilization is highly unlikely; this is discussedn more
detailbelow.

5.2 Re ning the Collection Cost Model

The above analysisassumedhatthe costof collectioncould be
modelledwith asinglegrossparameter , whichmeasurethecol-
lectionratein MB/s of live data.However, thisis inaccuraten two
respects:rst, it assumeshatcollectioncostis totally dominated
by the mark phaseandwhile this is generallytrueit is not always
soandotherphasesnaytake non-trivial amountsof time. Second,
it assumeshatthe“shape”of memoryis uniform, andthatasingle
traceratecanapplyto all applicationsor evento all pointsin the
executionof asingleapplication.

We nowv examinethe actualcostof collection, and investigate
how the costmodelfor collectioncanbere ned. Thisis particu-
larly importantbecausehe parameter directly controls , the
excessspacerequiredto run the garbagecollector which is mul-
tiplied by 3 in the equationfor the total spacerequirement21).
Thereforeif we canmoretightly boundthe collectionrate,we can
reapathreefoldreductionin spaceoverhead.

In orderto evaluatethe time requiredfor a garbagecollection,
it is necessaryo examinethe phaseshatcomprisea collectionin
detail. The phasesandthe associatedunctionsthat computethe
time for eachphaseare:

Initialize and Terminate. This is the constant-timeoverheadof
beginningandendingacollection( ).

Root Scan. Scanthethreadstacksfor root pointers( ).

Mark. Traversetheobjectgraphstartingattherootsandmarkall
objectsencountereds“live” ().

Sweep. Move pageswith nolive objectsontothelist of freepages;
markremaining‘unmarked” objectsas“free” ().

Defragment. If the numberof free pagedalls belav a threshold,
move objectsfrom mostlyemptyto mostlyfull pageq ).

We canthereforede ne thetime requiredto performacollection
attime in termsof thequantitiesde ned above as

(22)

This allows usto rewrite equation(18) morepreciselyas
— (23)

We now preciselyde ne eachof thesecomponentunctionsin
termsof the live memory , asetof parametersvhich charac-
terizethe application(denotedby lower-caseGreekletters),anda
setof costcoefcients which areobtainedoy measuringhecollec-
tor (denoted ).

We characterizéhe mutatorin termsof ve parametersin gen-
eral,thisis toomary parameterso expecttheuserto supply How-
ever, in the quantitatve analysiswe will shav thatthe collection
time is insensitve to someparametersand that other parameters
vary very little acrossapplications. Therefore,we believe it will
be practicalto specifythebehaior of anapplicationvery precisely
with only oneor two parameters.

5.2.1 Pointer DensityandMark PhaseCost

Themarkphasas by farthemostexpensvein ourcollector It is
thereforeof paramountmportanceo estimatets costaccurately

We alreadyknow thatthe speedof marking,measuredn MBJ/s,
variesby about50%acrossapplicationswith our collector In fact,
it is surprisingthatit variessolittle. We now considerthe costof
markingin moredetail.



Whenwe processa pointer thereare threecasesthat may be
handled:(1) if thepointeris null, we simplyignoreit; (2) we check
if thereferentis marked already;if so,we aredone;(3) otherwise,
we markthereferentandprocessll the pointersit contains.

Now considerthe processingof a pointerto an array If the
pointeris null, the checkhastaken computatiorstepsand0
bytesof memoryhave beenmarled. Otherwise assumehepointer
is non-nullandthereferentis a1l MB array If thearrayis already
marked, the checkhastaken computationstepsand0 bytes
have beenmarked. Finally, if the array hasnot previously been
marked, it is marked, which takes computationsteps,and1
MB of memoryhasbeenmarked.

Furthermorejf the arrayis an array of pointers,eachof those
pointersmustnow beprocessedHowever, for accountingpurposes
we considetthis costto be partof

In orderto characterizéhe markingcostmoreprecisely we de-

ne thefollowing quantities:

is numberof referencesn live memoryat time , in-
cluding root pointers. , Where is the
word sizeof themachine;

is the numberof non-nullreferencesn live memoryat
time , ;and

is thenumberof live objectsin memoryattime ,

In theoreticakerms,since , , and
thecomplity of themarkingphaseas

Of course,in a real-timesystemwe carevery muchaboutthe
constantfactors. We can characterizehe costof marking much
moreaccuratelyas

, areconstants,

(24)

With the propervaluesfor the coefcients, this formulagivesus
anaccurateaccountingf themarktime of the collector However,
forcingtheuserto supplythequantities ,and directly
is incorvenientanderrorprone.

Instead,we use scaledparameterghat are independenbf the
heapsize:

is the proportionof memorydevotedto the heap(asop-
posedo threadstacks),

is alowerboundontheaverageobjectsize(in bytes),
is alower boundon the numberof pointersperword, and
is anupperboundon thefractionof non-nullreferences.

Given theseparametersve canboundthe quantitiesnecessaryo

compute  from thesizeof live memory
— (25)
— (26)
(27)
where istheword sizeof themachinein bytes.

The useof the parameters, , , and is twofold: rst of
all, they aremoreintuitive for the userof the system;andsecond,
sincethey areindependentf heapsize,they aremorelikely to be
stableacrossboth multiple runs of the sameprogramand across
differentprograms.This providesus with the opportunityto start

the systemwith reasonablelefault valuesandonly requiretuning
of thoseparametershatareatypical.

Thuswe canexpress in termsof thesesimpleparameters
andthe maximumlive memoryas

— — (28)

5.2.2 RootScanCost

In orderto characterizéherootscanningphasepreciselywe de-
ne thefollowing quantities:

is theamountof memorydevotedto threadstacks,
is thenumberof referencesn the stacksand
is thenumberof non-nullreference®n the stacks.
We canthende ne thecostof stackscanningas
(29)

where , , and arethe costcoefcients of scanning
stackmemory examining pointerson the stack,and placingnon-
null pointersonthe markstack,respectiely.

As we did with our estimateof the costof the mark phasewe
canusethe parameterslescribingthe applicationto obtainbounds
onthe costof eachcomponentn moreintuitive terms:

(30)
(1)
(32)

which allows usto expressthe costof theroot scanningphaseas
— (33)

5.2.3 SweePhaseCost

In the sweepphasewe mustexamineevery live page,andthen
for every live pagewe mustexamineandpossiblyupdatethe mark
vectorassociatedvith the objectson the page.Thusif thereare
livepagesand blocksonthosepageshe costof thesweemphase
is

(34)

where and arethe costcoefcients of processing page
andablock, respectiely.

The numberof pagescan be boundedby , but since

dependson , which in turn dependson the time re-
quiredfor collection,using wouldleadto arecurrencewhich
we wishto avoid.

We have foundexperimentallythatthe spaceequiredby thecol-
lector hasnot exceeded , andsincethe costof the sweep
phaseis arelatively small componenbf the overall cost,we can
afford to be conserative in our costestimation.

Thereforeto avoid thenecessityof introducingarecurrenceénto
the formulafor the spacerequiredby the collector we simply as-
sumethatthereis an“expansiorfactor” parameter whichbounds
thesizeof theheap.By defaultwe set . Thereforethesize
of theheapis andthe numberof live pageds

— (39)
andthe numberof blockson live pagess boundedy

(36)



Collector: MeasuredCost Parameter

Benchmark| (MB) | (MB) | | | | | | | | |

javac 86 172 || 2.21| 0.001| 0.061| 1.973| 0.137| 0.124 | 0.99997| 208 | 0.11 | 0.62 | 2.00 | 0.95
db 82 137 || 2.63| 0.001| 0.043| 2.408| 0.148| 0.063| 0.99993| 162 | 0.09 | 0.62| 1.67 | 0.82
jack 82 146 | 1.73 | 0.001| 0.042| 1.076| 0.094 | 0.047 || 0.99994| 481 | 0.08 | 0.52| 1.78 | 0.97
mtrt 80 122 || 1.59| 0.001| 0.046| 1.386| 0.115| 0.078 || 0.99996| 150 | 0.10| 0.64 | 1.53 | 0.68
jess 73 126 || 0.63| 0.001| 0.186| 0.554| 0.046| 0.031| 0.99996| 149 | 0.09 | 0.64 | 1.73| 0.89
fragger 72 151 || 3.20| 0.001| 0.147| 1.700| 0.175| 1.295|| 0.99999| 744 | 0.17 | 0.13| 2.10| 0.03

Table 1: Cost of a single garbage collection phase(in seconds)and the measured valuesfor the parametersthat characterize the

collectioncost. isthe fraction of memory devotedthe heap;
non-null pointers; is the expansionfactor for the heap;and

andthus

(37)

5.2.4 DefragmentPhase

In someways,the costof the defragmenphases the mostdif-
cult to model. In theory defragmentatiorcould requirethe relo-
cationof all live memory ; however, in practicewe nd that
evenad\ersaryprogramscausdessthan3% of live memoryto be
moved. In orderto accomadat¢he potentialfor large variationin
cost,we introducean additionalparameterin the samemanneras
we did for themark phasecostestimation.
is ameasuref thelocality of sizeof theapplication.If ,
the programalwaysre-usesblockswith objectsof the samesize,
andthereforethereis no needfor defragmentation On the other
hand, if , thereis no re-useand the maximumamountof
defragmentatiomnvork mustbe performedat eachcollection.

Locality of sizeis a bit more complex to de ne thanthe other
parametersve have usedto characterizéhe application.We de ne

asfollows: for eachsizeclass , we considetthe numberof bytes
freedby a collection andthe numberof bytesallocatedduring
that collectioncycle . If thenthe collector hasfreed
exactly as much memoryin size class asit hasallocated,and
no defragmentations necessary On the otherhand, if ,
thenthe smallerof the two denotesthe amountof memorythat
canbereusedn sizeclass (if is smallerthenwe donotreuse
all availablememory;if  is smallerthenall availablememoryis
reused).

In orderto obtaina measuref locality we scalethe sizesby the
total memory The total bytesfreed and allocatedacrossall size
classesaredenoted and . Thenthelocality of sizeacrossall
sizeclassess

- — (38)
Thenthe costof defragmentatiois
(39)
or in reducedorm
— — (40)

5.3 A Tighter Time Bound

Basedon thesecharacterizationsye are ableto de ne a tight

is the averageobject size;
is the locality of size.

is the pointer density; isthe fraction of

boundonthetime requiredfor garbagecollection,namely

(41)

Of course,this equationis horribly comple. Fortunately the

userof our systemdoesnot needto be aware of this compleity.

They cansimply specifythe small numberof parametershatac-

curatelycharacterizeheir application.In the following sectionwe

will shav experimentallywhich parametersieedto be speci ed
andhow well themodel ts reality.

5.4 Measurements

Tablel shavs themeasuredostof eachphaseof collection,and
the measured/aluesof parametersvhich are usedto characterize
the costof collection. The benchmarksnclude a selectionfrom
SPECjvm9&swell asa synthetichenchmarldesignedo actasa
fragmentatioradversaryprogram.

Theresultsarewell in line with expectations:we expectedthe
time requiredfor the mark phaseto dominateall other phasewf
collection.

The sweepphaseonly consumess-7% of the total collection
time. The defragmentatiophaseconsume®nly 2-6% of collec-
tion time for realisticprograms. However, for the adwersarypro-
gramfragger it consumed0%of thetotal collectiontime. None
of theprogramss deeplyrecursve, sostackscantimeis negligible.

The importantresultfrom the measurementsf the parameters
in theright-handsideof thetableis thataswe hadpredicted mary
of themarevery stableacrossa variety of benchmarksin particu-
lar, the heapfraction of memory , the pointerdensity , andthe
fractionof non-nullpointers shaw very little variation.

The parameter tracksthe costof defragmentatiomuite well,
exceptthatit is abnormallylow for mtrt . It accuratelyshaws
thatthe locality of sizefor fragger is essentially0, becauseo
reuseis possible.On the otherhand,thelocality of sizeis greater
than80%for all benchmarksxceptmtrt , eventhoughit doesnot
spendmuchtime defragmentingThereasornis that is consera-
tive in thesensedhatit doesnotaccountor defragmentatiothatis
avoideddueto entirepageshecomingreewhenall objectsonthem
die. Betterde nitions of areasubjectof continuedresearch.

Oneof thedif culties we encounteredn evaluatingthe system
is that becauselikesRVM systemin which we implementedour
collectoris writtenin Java[1], alarge portion of the heapconsists
of systemdatastructures.In particular the “boot image”, which
is the compiledJava codeimagewhich is dumpedinto a memory



segmentandloadedat virtual machineboottime, containss5 MB.
Thisis partof theheapandis markedandsweptonevery collection,
even thoughdeadobjectsin the boot heaparenot freed (the boot
heapis mutable).Thusthe and sizesincludethis datafrom the
bootheap.

The resultis that the boot heaphasan unduein uence on our
measurementandon our collectorperformance This is mostob-
viousin the surprisinglyhigh valuefor the averageobjectsize
The boot heapcontainsa very large proportionof compiledcode
objects,which tendto be large andhave a low (zero)pointerden-
sity. In future work we planto treatthe bootheapgenerationally
asanold generatiorwhich is never collected. This will allow al-
most all collector work on the boot heapto be eliminated, and
should both improve the performanceof our collector and give
moreapplication-speci cdatafor the parameterin Tablel.

However, we stresghatwhile the presencef thebootheaphas
the unfortunateeffect of skewing someof the measuredalues,it
hasno effect on thefundamentateal-timenatureof the systemor
ontheeffectivenes®f thealgorithmsfor schedulingor performing
defragmentationvhich follow. In particular it doesnot affect the
locality of size .

DieckmannandHolzle [11] have performeda studyof a setof
Jarabenchmarlcharacteristicsvhich measuregomeof thesepa-
rameters.Their resultsweresigni cantly different. This is dueto
two factors:they studiedanabstractperfect” virtual machinewith
no overheadgsuchasthe Brooksforwardingpointerin our object
headers)and our virtual machineis written in Java andthe VM
structuresaresubjectto collectionlik e everythingelse.

6. SPACE BOUNDSAND TRIGGERS

We now re ne the spacerequirementsor the collector by rea-
soningmorecarefullyaboutequatior21. Ourpreviousanalysig3],
shavnin Section5.1.2,required  extraspacen orderto runthe
applicationwhile meetingreal-timebounds. By consideringde-
fragmentatiorseparatelyve areableto considerablymprove upon
this bound.

To begin with, we separate into two componentsthe space
requiredo performadefragmentatiophaseof thecollection ,
andthe spacerequiredto performall the otherphases (prin-
cipally consistingof markandsweep):

(42)
By equations23, 39, and41 we arecande ne the components
as

— 43

— (44)

andasbeforewe will denotethe maximalvaluesby and
Let bethevalueof assuminghatthereis no locality of
size( ). Then

(45)

because is scaledby andwe assumehatthe alloca-
tion rateis nearlyconstanbver thetime scaleof adefragmentation
cycle, allowing the factorto be pulledout of theequatiorfor

In theworstcaseall memoryallocatedduringa garbagecollec-
tion will be oating garbaggthatis, bytes).Furthermore,
that memorywill not becomeavailableuntil the endof the sweep

phaseof thefollowing collection,duringwhich time anadditional
byteswill have beenallocated Sothetotal oating garbagecan
beashighas bytes.

In addition,in asteadystatewewill haveto defragmenasmary
pagesaswe allocate.Thesizein bytesof free pagesallocateddur
ing a collectionis , becausalue to locality of
size, will beallocatedout of existing formattedpages.
Becausalefragmenteghagesconsumememoryfor an entire col-
lectioncycle, this mustbe addedo the memoryoverhead.

Thereforethetotal memoryrequirements

(46)
which we canrewrite in termsof andsimplify as
(47)
Note that in the casewhen thereis completelocality of size
( ) thenthe equationdegeneratesnto , which is

the standardormulafor spaceoverheadn anincrementakollec-
tor. Onthe otherhand,if thereis no locality of size( ), the
equationdegenerates$o , aslightly moreprecise
versionof equation21. In generalwe expect to behigh, sothe
spacerequirementn practiceis not substantiallyhigherthanfor a
standardncrementatollectionalgorithm.

6.1 Whento Collect?

Given our mechanisnfor garbagecollectionanddefragmenta-
tion, wesstill requireanalgorithmfor determininghepropertimeto
invoke a garbagecollection,andfor determininghow mary pages
mustbefreedby thedefragmentatiophasen thatcollection.

The algorithm dependson tracking the numberof free pages
in the system,sincein orderto respondto a worst-casescenatrio,
we musthave free pagesavailablethatcanbe assignedo ary size
class.

Let bethe maximumnumberof free pagesallocatedduring
agarbagecollection,excludingthe defragmentatiophaseand
bethe maximumnumberof pagesallocatedduringthe defragmen-
tation phase. Sincewe allocate  bytesduring a collection (ex-
cluding the defragmentatiorphase)and due to locality of size
of thosebyteswill be allocatedfrom existing pagesandgiventhe
pagesize , thenthenumberof new pagesallocateds

(48)

andsimilarly
(49)
Let be the numberof free pagesattime and bethe

numberof defragmenteghagesattime (thesepageswill become
freeatthe conclusionof the next markphasewhichwill updateall
theforwardingpointers therebyremaving referenceso thedefrag-
mentedpages).

Now considetherequirement$o rungarbagesollectionto com-
pletionattime . We requirethatthe numberof free pages

(50)
In addition,the numberof freeanddefragmentegagegogether

mustbe sufcient to run until the end of the sweepphaseof the
following collection:

(51)

Thesetwo conditionstogetherdeterminewhen garbagecollec-
tion is triggered:if eitherconditionis aboutto be violated,a col-
lectionis triggered.Thusthetriggeris checled on the slow pathof



allocation,whena new pageis allocated(reducingthe numberof
freepages).

Since changeswvith every pageallocation,but is stable
exceptat defragmentationywe combinethesetwo equationsnto

(52)

6.2 How Much to Defragment?

In orderto ensurethat equation52 canbe satis ed while never
requiring the mutatorto wait for an allocationrequest,we must
determinehow mary pagesto defragmenturing eachcollection,
therebydetermining

Sincethereis a time lag in the availability of pagesfreed by
defragmentationthe numberof pagesdefragmentednustbe suf-
cient to ensurethatthe next collectioncanrun to completion(of
necessitywe have alreadyensuredhat the currentcollectioncan
complete).

More precisely the numberof free pagesplus the numberof
pagegefragmentednustbe sufcient for two collectioncycles,or
expressedn termsof the pagedo defragment:

(53)

7. RELATED WORK

Most so-called‘real-time” garbagecollectionalgorithmsdo not
guaranteaemutator utilization levels[2, 5, 8, 9, 14, 16, 18], and
thereforedo not needto calculatethe collection trigger precisely
aswe do (becausehey effectively slow down the mutatorin order
to allow collectionto terminatebeforerunningout of memory).

Henriksson13] providesa carefulanalysisof schedulabilityin
anervironmentwheretheapplicationis dividedinto high-andlow-
priority tasks.It is assumedhathigh-priority tasksareperiodicand
very preciselycharacterizedThe advantageof our approachs that
it appliesto muchmoregenerabkpplicationsandallows themto be
characterizegreciselyusinga smallnumberof parameters.

7.1 Fragmentation

Earlywork, particularlyfor Lisp, oftenassumedhatall memory
consistedf CONScellsandthatfragmentationwasthereforeanon-
issue.Baker's Treadmill[5] alsoonly handlesa singleobjectsize.

Johnstongl14] shavedthatfragmentatiorwasoftennotamajor
problemfor a family of C and C++ benchmarksandbuilt a non-
moving “real-time” collector basedon the assumptiorthat frag-
mentationcould be ignored. However, thesemeasurementare
basedn relatively short-runningorogramsandwe believe they do
not applyto long-runningsystemdik e continuous-loombedded
devices,PDAs, or web seners. Fundamentallythis is anaverage-
caseratherthan a worst-caseassumptionand meetingreal-time
boundsrequireshandlingworst-casescenarios.

Furthermore the use of dynamically allocatedstringsin Java
combinedwith the heary useof stringsin web-relatedorocessing
is likely to make objectsizeslesspredictable.

Dimpse et al. [12] describethe compactionavoidancetech-
niquesin the IBM productJVM, which arebasedon Johnstones
work. They shawv thatthesetechniquesanwork quitewell in prac-
tice. However, whencompactiordoesoccurit is very expensve.

Siebert[17] suggestdhat a single block size can be usedfor
Java by allocatinglarge objectsaslinked lists andlarge arraysas
trees.However, this approacthassimply tradedexternalfragmen-
tation for internalfragmentation.Siebertsuggesta block size of
64 bytes;if therearealargenumberof 8-byteobjectsjnternalfrag-
mentatiorcancauseafactorof 8 increasén memoryrequirements.
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8. CONCLUSIONS

We have presented hybrid real-timecollectorthatoperatepri-
marily asa non-mawing incrementamark-sweepollector but pre-
vents fragmentationvia the use of limited copying (in real pro-
gramsnomorethan6% of collectiontimeis spentin defragmenta-
tion). Becausdragmentatioris boundedthe collectorhasa prov-
able spaceboundyet retainsa lower spaceoverheadthana fully-
copying real-timecollector

We have presented detailedanalysisof fragmentationandhave
describedhow our collectorboundsnternalfragmentatiorandcor
rectsexternalfragmentatiorby moving objectsandfreeinglightly
usedpages.We have presentedneasurementthat shav the ef -
cag of thesetechniqueswhich indicatethat our defragmentation
stratgy is capableof substantiallyeducingtheminimumheapsize
requiredby applications.

We have alsopresentedh detailedmodelfor the costof collec-
tion, and shawvn how this can be usedto tighten both the space
andtime boundsfor real-timecollection. The costof collectionis
parameterizety six quantitiesthat describethe applicationbeing
collected.We have measuredhesequantitiesandshavn thatmary
of themare quite stableacrossa rangeof benchmarksindicating
that for mary applicationsdefault valuescan be provided by the
systemsimplifying the userinterfaceto the collector
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