
Proc.of theConferenceonLanguages,Compilers,andToolsfor EmbeddedSystems,June2003,SanDiego,California

Contr olling Fragmentation and Space Consumption in
the Metronome , a Real­time Garbage Collector for Java

David F. Bacon
dfb@watson.ibm.com

Perry Cheng
perryche@us.ibm.com

V.T. Rajan
vtrajan@us.ibm.com

IBM T.J. Watson Research Center
P.O. Box 704

Yorktown Heights, NY 10598

ABSTRACT
Now thattheuseof garbagecollectionin languageslikeJava is be-
comingwidely accepteddueto thesafetyandsoftwareengineering
bene�tsit provides,thereis signi�cant interestin applyinggarbage
collectionto hardreal-timesystems.Pastapproacheshave gener-
ally suffered from one of two major �a ws: either they were not
provably real-time,or they imposedlargespaceoverheadsto meet
thereal-timebounds.

Our previouswork [3] presentedtheMetronome,a mostlynon-
copying real-timecollector. The Metronomeachievesworst-case
pausetimesof 6 millisecondswhile maintainingconsistentmutator
CPUutilizationratesof 50%with only 1.5–2.1timesthemaximum
heapspacerequiredby theapplication,which is comparablewith
spacerequirementsfor stop-the-world collectors.

However, thatalgorithmassumeda constantcollectionrate,ig-
noredprogram-dependentcharacteristics,andlackedaprecisespec-
i�cation for whento triggercollectionor 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 us to boundboth the
time for collectionandconsequentlythe spaceoverheadrequired
muchmoretightly. We show experimentallythatmostparameters
usually are not subjectto large variation, indicating that a small
numberof parameterswill be suf�cient to predict the time and
spacerequirementsaccurately.

Our previous work also did not presentthe detailsof our ap-
proachto avoiding andundoingfragmentation.In this paperwe
presenta moredetailedanalysisof fragmentationthanin previous
work, andshow how our collectoris ableto boundfragmentation
to acceptablelimits.
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1. INTRODUCTION
Garbagecollectedlanguageslike Javaaremakingsigni�cant in-

roadsinto domainswith hardreal-timeconcerns,suchasautomo-
tive command-and-controlsystems.However, theengineeringand
product life-cycle advantagesconsequentfrom the simplicity of
programmingwith garbagecollectionremainunavailablefor usein
the corefunctionality of suchsystems,wherehardreal-timecon-
straintsmustbemet. As a result,real-timeprogrammingrequires
the useof multiple languages,or at least(in thecaseof the Real-
Time Speci�cation for Java [7]) two programmingmodelswithin
the samelanguage.Therefore,thereis a pressingpracticalneed
for a systemthatcanprovide real-timeguaranteesfor Java without
imposingmajorpenaltiesin spaceor time.

In previouswork [3], we presentedthedesignandevaluationof
a uniprocessorcollector that is able to achieve high CPU utiliza-
tion during collectionwith far lessmemoryoverheadthanprevi-
ousreal-timegarbagecollectors,andthat is ableto guaranteetime
andspaceboundsprovided that the applicationcanbe accurately
characterizedin termsof its maximumlive memoryandaverage
allocationrateover a collectioninterval.

Thecontributionsof this work are

� A morepreciseanalysisof fragmentationthanpreviousstud-
iesof garbagecollectedsystems,with anexperimentaleval-
uationof theef�cacy of our techniquesfor avoiding andun-
doingfragmentation;

� A precisecost model for the time requiredfor performing
real-time incrementalgarbagecollection, which allows us
to boundthe time requiredfor collectionandtheassociated
spaceoverheadfor real-timeoperationmuchmoreprecisely
thanin previouswork; and

� An evaluationof therelationshipbetweenmutatorCPUuti-
lization level andspaceconsumptionin a real-timegarbage
collectedenvironment.
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javac.u50.time.opt: Distribution of pause time

Figure1: Pausetime distrib utions for javac in the Metr onome,
with target maximum pausetime of 6 ms. Note the absenceof
a “tail” after the target time.

Thepaperis organizedasfollows: Section2 givesanoverview
of our previous work on the Metronomecollector. Section3 an-
alyzesthe causesof fragmentationand Section4 describesour
mechanismsfor avoidanceandremoval of fragmentation.Section5
describesthe way in which we obtaintime boundsfor collection,
providesa modelfor thecostof collection,andevaluatestherele-
vantmetrics.Section6 presentstighterspaceboundsanddescribes
theconditionsfor triggeringcollection.Section7 discussesrelated
work.

2. OVERVIEW OF THE METRONOME
We begin by summarizingthe resultsof our previous work [3]

and describingthe algorithm and engineeringof the collector in
suf�cient detail to serve asa basisfor understandingthework de-
scribedin thispaper.

Our collector, the Metronome,is an incrementaluni-processor
collectortargetedat embeddedsystems.It usesa hybrid approach
of non-copying mark-sweep(in thecommoncase)andcopying col-
lection(whenfragmentationoccurs).

Thecollectoris a snapshot-at-the-beginningalgorithmthatallo-
catesobjectsblack(marked). While it hasbeenarguedthatsucha
collectorcanincrease�oating garbage,theworst-caseperformance
is nodifferentfrom otherapproachesandtheterminationcondition
is easierto enforce.Otherreal-timecollectorshave useda similar
approach.

Figures1 and2 show thereal-timeperformanceof ourcollector.
Unlike previous real-timecollectors,thereis no “tail” in the dis-
tribution of pausetimes,CPUutilization remainsvery closeto the
target,andmemoryoverheadis low — comparableto therequire-
mentsof stop-the-world collectors.In this sectionwe explain how
theMetronomeachievesthesegoals.

2.1 Featuresof our Collector
Ourcollectoris basedon thefollowing principles:

SegregatedFreeLists. Allocation is performedusingsegregated
freelists. Memoryis dividedinto �x ed-sizedpages,andeach
pageis divided into blocksof a particularsize. Objectsare
allocatedfrom the smallestsize classthat can contain the
object.
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javac.u50.time.opt: Variable-Window Utilization vs time

Figure2: CPU utilization for javacunder the Metr onome.Mu-
tator interval is 6 ms, collector interval is 6 ms, for an overall
utilization target of 50%; the collector achievesthis within 3%
variation.

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

Defragmentation. If a pagebecomesfragmenteddueto garbage
collection,itsobjectsaremovedtoanother(mostlyfull) page.

ReadBarrier . Relocationof objectsis achieved by using a for-
wardingpointerlocatedin theheaderof eachobject[8]. A
readbarriermaintainsa to-spaceinvariant(mutatorsalways
seeobjectsin theto-space).

Incr ementalMark-Sweep. Collection is a standardincremental
mark-sweepsimilar to Yuasa'ssnapshot-at-the-beginningal-
gorithm[18] implementedwith aweaktricolor invariant.We
extendtraversalduringmarkingsothatit redirectsany point-
erspointingat from-spaceso they point at to-space.There-
fore, at theendof a markingphase,therelocatedobjectsof
thepreviouscollectioncanbefreed.

Arraylets. Large arraysarebroken into �x ed-sizepieces(which
we call arraylets)to boundthework of scanningor copying
anarrayandto boundexternalfragmentationcausedby large
objects.

Sinceour collector is not concurrent,we explicitly control the
interleaving of themutatorandthecollector. We usethetermcol-
lectionto referto acompletemark/sweep/defragmentcycleandthe
termcollectorquantumto referto aschedulerquantumin whichthe
collectorruns.

2.2 ReadBarrier
We usea Brooks-stylereadbarrier [8]: eachobjectcontainsa

forwardingpointerthatnormallypointsto itself, but whentheob-
ject hasbeenmoved,pointsto themovedobject.

Our collector thus maintainsa to-spaceinvariant: the mutator
alwaysseesthenew versionof anobject. However, thesetscom-
prising from-spaceand to-spacehave a large intersection,rather
thanbeingcompletelydisjoint asin apurecopying collector.

While we usea readbarrieranda to-spaceinvariant,our collec-
tor doesnot suffer from variationsin mutatorutilization because
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Figure 3: Tuning the performanceof an application (mutator)
with the collector. The mutator and collector eachhave certain
intrinsic properties(for themutator, theallocationrate over the
time interval of a collection,and the maximum livememory us-
age;for the collector, the rate at which memory canbe traced).
In addition, the usercanselect,at a giventime resolution,either
the utilization or the spacebound (the other parameter will be
dependent).

all of thework of �nding andmoving objectsis performedby the
collector.

Readbarriers,especiallywhenimplementedin software,arefre-
quentlyavoidedbecausethey areconsideredto be too costly. We
have shown that this is not the casewhen they are implemented
carefullyin anoptimizingcompilerandthecompileris ableto op-
timize thebarriers.

We apply a numberof optimizationsto reducethe costof read
barriers,includingwell-known optimizationslike commonsubex-
pressionelimination,aswell asspecial-purposeoptimizationslike
barrier-sinking, in which we sink the barrierdown to its point of
use,whichallows thenull-checkrequiredby theJava objectderef-
erenceto befoldedinto thenull-checkrequiredby thebarrier(since
thepointercanbenull, thebarriercannot performtheforwarding
unconditionally).

This optimizationworks with whatever null-checkingapproach
is usedby the run-timesystem,whethervia explicit comparisons
or implicit trapson null dereferences.The importantpoint is that
we usuallyavoid introducingextraexplicit checksfor null, andwe
guaranteethatany exceptionduetoanull pointeroccursatthesame
placeasit would have in theoriginal program.

Theresultof ouroptimizationsis thatfor theSPECjvm98bench-
marks,readbarriersonly have a meancostof only 4%,or 9.6%in
theworstcase(in the201.compress benchmark).

2.3 Time­BasedScheduling
Our collector can use either time- or work-basedscheduling.

Most previous work on real-timegarbagecollection,startingwith
Baker's algorithm [4], has usedwork-basedscheduling. Work-
basedalgorithmsmayachieve shortindividual pausetimes,but are
unableto achieve consistentutilization.

Thereasonfor this is simple: work-basedalgorithmsdo a little
bit of collectionwork eachtimethemutatorallocatesmemory. The
ideais that by keepingthis interruptionshort,the work of collec-
tion will naturallybespreadevenlythroughouttheapplication.Un-

fortunately, programsarenot uniform in their allocationbehavior
over short time scales;rather, they arebursty. As a result,work-
basedstrategies suffer from very poor mutatorutilization during
suchburstsof allocation.

In fact, we showed both analytically and experimentally that
work-basedcollectorsaresubjectto theseproblemsandthat uti-
lizationoftendropsto 0 at real-timeintervals.

Time-basedschedulingsimply interleavesthe collectorandthe
mutatoron a �x ed schedule. While therehasbeenconcernthat
time-basedsystemsmay be subjectto spaceexplosion, we have
shown that in fact they arequite stable,andonly requirea small
numberof coarseparametersthatdescribetheapplication's mem-
ory characteristicsin orderto functionwithin well-controlledspace
bounds.

2.4 ProvableReal­timeBounds
Ourcollectorachievesguaranteedperformanceprovidedtheap-

plication is correctlycharacterizedby the user. In particular, the
usermustbe able to specify the maximumamountof simultane-
ously live data � aswell asthepeakallocationrateover the time
interval of agarbagecollection ����� �"!�#�$ . Thecollectoris param-
eterizedby its tracingrate % .

Given thesecharacteristicsof themutatorandthecollector, the
userthenhastheability to tunetheperformanceof thesystemusing
threeinter-relatedparameters:total memoryconsumption& , min-
imum guaranteedCPUutilization '�( , andtheresolutionat which
theutilization is calculated�*) .

Therelationshipbetweentheseparametersis shown graphically
in Figure3. Themutatoris characterizedby its allocationrateover
theinterval of agarbagecollection �

�
� �"!�#�$ andby its maximum

memoryrequirement� . Thecollectoris characterizedby its col-
lection rate % . The tunableparametersare �*) , the frequency at
which the collector is scheduled,and either the CPU utilization
level of theapplication'+( (in whichcaseamemorysize & is deter-
mined),or a memorysize & which determinestheutilization level

'+( .

3. CAUSESOF FRAGMENTATION
Memoryconsistsof pagesof size , . Eachpageis divided into

�x ed-sizeblocks,with a maximumblock sizeof - . , and - are
generallypowersof two. Thereare . differentblock sizeclasses

/�021	3	3	3	14/	5 , where/	576

- .
Thetotal fragmentationin thesystemconsistsof threetypes:

� unusedspaceat theendof a block (internalfragmentation);

� unusedspaceat the end of a page(which we have named
page-internalfragmentation); and

� unusedblocksthatcouldsatisfya requestfor a differentsize
object(externalfragmentation).

Our useof the term external fragmentationis not the standard
one,but it is consistentwith theexistingde�nitions.

3.1 Inter nal Fragmentation
Internalfragmentationis fundamentallyexpressedasa ratio be-

tweenthe inherentspacerequiredby live objectsand the actual
spacethey consume.Wethusde�ne theabsoluteinternalfragmen-
tationasfollows. Thememoryis consideredto bedivided into 8

blocks 9

0	1	3	323	1

92: and ;�< =?>@�A9	B $ is thesizeof theblock, C*D�E D+�A9	B $

is thesizeof theobjectresidingin theblock, and FG<IH�>@�A92B $ is 1 if
theblock containsa live objectand0 otherwise.Thustheabsolute

3
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Note that this is the de�nition of fragmentationat a particu-
lar point in time, andfurthermore,the useof the 	�

�����A92B $ predi-
cateimplicitly assumesthatinformationfrom thegarbagecollector
markingphaseis availableandprecise.

3.1.1 Controlling InternalFragmentation
Bergeret al. [6] discusstheproblemsdueto internalfragmenta-

tion in a segregatedlist allocator, andusea ratio betweenadjacent
block sizesto boundinternalfragmentationin theHoardcollector,
suchthat

/

B

6��I/

B��

0

��������$�� (4)

where � is the maximumacceptableinternal fragmentationratio.
We adoptthis strategy aswell.

However, all non-defragmentingcollectorsfacea fundamental
tradeoff: a small ratio betweensizesminimizesinternalfragmen-
tationbut increasesexternalfragmentationbecausefreeblocksare
scatteredamonga largernumberof free lists. Johnstone[14] ob-
served that thecoarsesizeclassesthatarecommongenerallylose
moreto internalfragmentationthanthey gainfrom avoiding exter-
nal fragmentation.

A majoradvantageof our collectoris thatwe canallow a small
ratio betweenblock sizesbecausewe know that if fragmentation
occurs,the blockswill be compacted,allowing us to redistribute
unusedpagesto othersizes.In thissense,ourcollectoris adaptive,
respondingto the changingobject size needsof the application.
While it is in a steadystate,thedistribution of objectsizesis rela-
tively constant,andsoweexpectto performlittle defragmentation.

3.2 Page­Internal Fragmentation
Page-internalfragmentationhasnotreceivedmuchattention,but

canoccasionallyleadto signi�cant lossof space.In particular, the
ratiobetweenthepagesize , andthemaximumblocksize - must
bechosencarefully, or in pathologicalcases50%of memorycould
bewasted.

For instance,acommonpracticeis for objectsupto half thepage
size( ,���� ) to beallocatedin blocks,andfor largerobjectsto beal-
locatedasasetof contiguouspages.Thismeansthatanapplication
thatallocatesmany objectsof size ,���� �!� will experienceapprox-
imately50%fragmentation.

Moregenerally, page-internalfragmentationisboundedby -"�?, .
Formally, memoryis consideredto consistof # pagesdenoted

$�0	123	3	3	1�$&% . ;�< =?>@�

$

B $ is thesizeof theblocksin $

B , and FG<IH�>@�A9	B $

is 1 if the pagecontainslive blocks and 0 otherwise. Thus the
absolutepage-internalfragmentationis
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andsincepage-internalfragmentationalwaysoccurson pagesthat
haveat leastoneliveblock,whichmustbelargerthanthefragment

at theendof thepage,therelative page-internalfragmentationcan
beexpressedas

�

% 6

�

%

� �I)4$

(6)

3.3 External Fragmentation
In orderto performdefragmentation,wemust�rst beableto de-

�ne andmeasurethefragmentationlevel. On themostnä�ve level,
we saythata pagethat is discoveredto beemptyandis therefore
usableby any sizeis not fragmented;similarly, a pagethat is fully
occupiedwith live objectsis not fragmented.Thusfragmentation
occursonly in pagesthatcontainamixtureof liveanddeadobjects.

Formally, we de�ne FG<IH�>@�

$

B $ to be 1 if the pagecontainslive
blocks, -/. 0214365@�

$

B $ to be thesetof block indicesfor blocksin $

B ,
and C > D87��A9:9�$

6

�;� FG<IH�>@�A9:9�$ . Then in the simplesttermsthe
absoluteexternalfragmentationcanbede�ned as
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However, thismeasureis far tooconservative. Objectallocation,
likemany otherthings,generallyobeysalocality property:locality
of size. That is, if theprogramallocatesa lot of objectsof size /

B

in therecentpast,it is likely to continueto dosoin thenearfuture.
Thus,aprogramwith locality of sizewill likely re-usemany of the
“fragmented”blocksbeforethenext collection,andthereforeany
effort spentin defragmentingthoseblockswouldbewasted.

If we could perfectlypredict the mutator's future behavior, we
couldde�ne OP5	>Q. >45I5@�A9:9�$ to be1 if block 9:9 is deadandwill notbe
re-usedby themutatorbeforethenext collection,and0 otherwise.
Thena perfectde�nition of externalfragmentationis
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(8)
Of course,we cannot make useof suchan oracularfunction.

However, wecanapproximateit fairly accuratelyin practiceby us-
ing thelocality of sizeproperty:thenumberof objectsin sizeclass

/

B that werere-usedsincethe last collectionwill often be a good
predictorof thenumberof objectsthatwill bere-useduntil thenext
collection.We call anobjectthathasbeendeadfor morethanone
collectioncyclea mummy. We caneasilyde�ne (andcompute)the
predicateUWV�XYXYZ��A9:9�$ from the C > D87��A9:9�$ predicateappliedto the
currentandprevious collectioncycles. Thena practicalapproxi-
mationfor externalfragmentationis

��<
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(9)

3.3.1 RelativeExternalFragmentation
However, how to de�ne therelative fragmentationis moreprob-

lematic. Previouswork hasbeenalmostentirely in the context of
explicit memoryallocation,wheretheprogrammerexplicitly calls
free() to releasea block of memory. Even in this environment,
thequestionof how to quantifyfragmentationis problematic.

JohnstoneandWilson [15] considerfour differentwaysof mea-
suringfragmentation,threeof which arerelative to the maximum
memoryallocatedby the program. Note that their model for al-
location is that the allocatorattemptsto satisfy the requestfrom
its availablepool, andon failure getsmorememoryfrom the un-
derlying systemusing sbrk() . As a result, the heapsize is a
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monotonicallyincreasingfunction,andthey arealwaysmeasuring
fragmentationrelative to theamountof memoryin useat the end
of theprogram.

On the otherhand,in a garbagecollectedsystem,the applica-
tion typically runsuntil somepre-de�nedheapsizeis exhausted,at
which point collectionandpossiblycompaction(either by semi-
spacecopying, sliding compaction,or other techniques)is per-
formed. Thus if the heapsize is & , we could de�ne the relative
external fragmentationas

�

<

6

��<

��& , but this hasthe obvious
disadvantagethat it is entirely dependentuponthe heapsizewith
whichweruntheprogram,andcanthereforemisrepresentthequal-
ity of thesystem.

Somecollectorsheuristically allocatemore heapspaceunder
certainconditions,andthis is often importantfor achieving good
real-world performance,but it furthercomplicatesthealreadycon-
fusingquestionof how to de�ne relative externalfragmentation.

JohnstoneandWilson suggestthat fragmentationis primarily a
problemat allocationspikes,andthis is certainlytrue. However,
their primary methodfor measuringfragmentationis to compare
the peakmemoryutilization (at the endof the run) to the maxi-
mum utilization (at any point in the run). Sucha measureseems
problematic,sincethetwo pointsaredisjoint in time.

Fundamentally, therelative externalfragmentationshouldmea-
surewhatproportionof thespaceis beingwasted.Therefore,free
blockswhich areavailablefor any sizeclassshouldnot beconsid-
ered.Instead,we de�ne relative externalfragmentationin termsof
theamountof memorywhich is not availablefor arbitraryalloca-
tion, relative to theamountof memoryin use:
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(10)

3.4 Size­External Fragmentation
It is furtherusefulto separatelyconsidera particularkind of ex-

ternalfragmentation,namelythatwhich occurswhenfor example
thereis a singleobjectof a givensizeclass.In thatevent,no mat-
ter what thesizeof theobject,andno matterwhetherwe areable
to performdefragmentation,the objectwill consumea full page.
We call this sizeclassfragmentation, sinceit is a typeof external
fragmentationthatoccurswithin a sizeclass.

Fortunately, sizeclassfragmentationis limited to onepageper
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Figure 5: Reduction in maximum heaprequirementdue to de-
fragmentation

sizeclass,so if thereare . sizeclassesthesize-externalfragmen-
tation is boundedby . ��, . However, sincewe are aggressive
in our useof signi�cant numbersof sizeclassesto avoid internal
fragmentation,this overheadmaybesigni�cant oncertaintypesof
memory-constraineddevices. In our implementation.

6���� and
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� KB.
Size classfragmentationis the portion of the fragmenteddata

thatcannotbedefragmented.It is computedasfollows:
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where
�

�

/��

$ is the total sizeof allocatedblocksfor sizeclass/#� ,
and

���

�

/��

$ computesthenumberof residualblocksthatcouldnot
becompactedontocompletelyfull pages,which is subtractedfrom
the pagesize to get the numberof byteslost in this “last page”.
Finally,

���

simplysumsthetermsfor all sizeclasses.

3.5 Measurements
Figure4 shows the contributionsof the different typesof frag-

mentationfor theSPECjvm98benchmarksusingtwo differentge-
ometricsizeclassprogressions:� 6

�6�

�

, which is whatwe usein
oursystem,and �

6

�6��� , which is acommonvaluein systemsthat
arenotableto performdynamicdefragmentation.

Thebottom-mostbarshowsthecontributionof internalfragmen-
tationwhich varieswith � , which is mostapparentin db, javac ,
mpeg, andcompress .

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

The black barsshow true external fragmentation:blocks that
have mummi�ed, or not beenallocatedfor morethana full collec-
tion cycle. Theseblockshave reducedtheeffective heapsizeand
forcedcollectionto begin sooner, reducingtheoverall throughput
of thesystem.

The“RecentlyDead”barindicatesblocksthatarefreebut were
in useduringthepreviouscollectioncycle; therefore,dueto local-
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ity of sizewe expectto re-usethemduring the comingcycle and
do notconsiderthemascontributing to externalfragmentation.

Figure5 shows theeffectivenessof defragmentationby measur-
ing theminimumheapsizein which theapplicationcanrun when
thecollectoroperatesin stop-the-world mode.Obviously, thereal-
time collectordoesnot stop the mutators;this is moreof a limit
studyof thecapabilityof defragmentationto reduceheapusage.

Thegraphshowstheoriginalheaprequirement,theheaprequire-
mentwith defragmentationturnedon, andthemaximumlive data
requirementof the application(which is the lower bound). With
theexceptionof javac , defragmentationallows us to run theap-
plicationin a heapthatis very closeto theminimumsize.

4. DEFRAGMENTATION
Now thatwehavede�ned thevariouskindsof fragmentation,we

cansummarizeour strategy for preventingfragmentationoverall:

� internalfragmentationis limited to � by settingneighboring
sizeclassesto /

B

6��I/

B��

0

��������$�� ;

� page-internalfragmentationis limited to -"�?, ; and

� external fragmentationis eliminatedby the useof arraylets
and explicit defragmentationas requiredto maintain real-
time bounds.

In our implementation,we use ,

6

�

0

�

, or 16 KB pagesanda
maximumblock size -

6

�

0 0

or 2 KB. We use �

6

�6�

�

to limit
internalfragmentation,whichgives .

6���� sizeclasses.
Sinceweneversubdividepagesinto objectslargerthan -

6

�

0 0

,
thelossof spacein ourcollectordueto page-internalfragmentation
is boundedby -"�?,

6

�6�

�

.
As wewill describein Section6.2,oursystemautomaticallyde-

termineshow many pagesmustbe defragmentedin order for the
systemto be able to guaranteethat it will continueto meetreal-
time bounds.

Giventhistargetnumberof pages,wedividethedefragmentation
work asevenly aspossibleacrosstheindividual sizeclasses.Each
sizeclassconsistsof a linkedlist of pages.

Thealgorithmwe usefor defragmentinga sizeclassis:

1. sortthepagesby thenumberof unusedobjectsperpage.

2. settheallocationpointerto the �rst non-full pagein the re-
sultinglist.

3. setthepageto evacuateto thelastpagein thelist.

4. while thetargetnumberof pagesto evacuatein thissizeclass
hasnotbeenmet,andthethepageto evacuatedoesnotequal
thepagein which to allocate,move thelive objectsfrom the
pageto evacuateinto thenext availableobjectin thepageat
theheadof thelist.

This strategy performsdefragmentationby moving objectsfrom
themostlightly usedpagesontopagesthatarealmostfull. There-
sult is thattheminimal numberof objectmovesis performed,and
themaximalnumberof completelyfull pagesis created.Thelatter
partof thestrategy mayresultin poorcachelocality, soit mightbe
moredesirableto move objectsontopagesthathave a largernum-
berof freeblocksin orderto preserve someof the locality among
themovedobjects.

5. TIME BOUNDS
In our previouswork [3], the time requiredto collect � MB of

livememorywasdescribedby asingleparameter, % , thecollection
ratein MB/s 1. However, ourmeasurementsshowedthattheactual
collectionratevaried from applicationto applicationby asmuch
as50%(36.7–57.4MB/s). Furthermore,thisconstantassumesthat
collectiontime is entirelydependenton themarkphaseof collec-
tion. While this is oftentrue,it is somewhat impreciseandmaybe
falsefor certainunusualapplications.

In a time-scheduledcollector, the parameter% determinesthe
amountof excessmemory � requiredfor themutatorto beableto
continueto runwhile a full collectionis performed.

In this sectionwe re�ne thenotionof how we estimatethetime
requiredto performa collection.In thefollowing sectionwe show
how thiscanbeusedto tightentheboundontheheapsizenecessary
in orderto meetreal-timerequirements.

5.1 Our Previous Work
For clarity of expositionwebrie�y recapitulatethederivationof

timeandspaceboundsfrom ourpreviouswork [3]. In Sections5.2
andlaterwe will show how thesederivationscanbere�ned to pro-
ducetighterspacebounds

We can de�ne the real-timebehavior of the combinedsystem
comprisingthe userprogramand our garbagecollector with the
following parameters:

���

�
���

0	1

���	$ is the amountof memoryallocatedin the time
interval ���

0	1

���2$ in MB/s.

�

� �����+$ is the total amountof live memoryat time � in MB
(excludinggarbage,overhead,andfragmentation).

�

% is the garbagecollector processingrate (MB/s). Since
oursis a tracingcollector, this is measuredover live data.

A time � is on an idealizedaxis in which the collectorrunsin-
�nitely fast— we call this mutatortime. As a practicalmatterthis
canbethoughtof astimemeasuredwhentheprogramhassuf�cient
memoryto runwithoutgarbagecollecting.

5.1.1 MappingBetweenMutatorandRealTime
Now considera realisticexecutionin which thecollectoris not

in�nitely fast.Executionwill consistof alternateexecutionsof mu-
tatorandcollector. Time alongrealtime axiswill bedenotedwith
thevariable) .

The function
�

�I)4$	�
� mapsfrom real to mutatortime, where
�

�

) . Functionsthat operatein mutatortime arewritten
�

�
���+$

while functionsthatoperatein realtime arewritten
�

�I)4$ .
Thelivememoryof theprogramat time ) is thus

� �I)4$

6

�

�

�

�

�I)4$ $ (13)

and the maximummemoryrequirementover the entire program
executionis

�

6

!���


�

� �I)4$

6

!���


�

�

�

���+$ (14)

5.1.2 Time­BasedScheduling
Time-basedschedulinginterleavesthecollectorandmutatorus-

ing �x ed time quanta. It thusresultsin even CPU utilization but
is subjectto variationsin memoryrequirementsif thememoryal-
locationrateis uneven. A time-basedreal-timecollectorhastwo
additionalfundamentalparameters:

0

In [3] we called this parameter# , but we use % in this paper
becausewe have used# to denotethenumberof pages.
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�

�

( is themutatorquantum:theamountof time(in seconds)
that the mutatoris allowed to run beforethecollectoris al-
lowedto operate.

�

# ( is the time-basedcollectorquantum(in secondsof col-
lectiontime).

For the time being,we assumethat thescheduleris perfect,in the
sensethat it always schedulesthe mutatorfor precisely

�

( sec-
onds.A typical valuefor

�

( mightbe10ms.
ChengandBlelloch [10] have de�ned theminimummutatoruti-

lizationor MMU for agiventimeinterval �*) astheminimumCPU
utilization by themutatorover all intervalsof width �*) . Fromthe
parameters

�

( and # ( we canderive theMMU as

'+( � �*)4$

6

�

( �

���

�

�����
	��
�

���

�*)

(15)

wherethe�rst termin thenumeratorcorrespondsto thenumberof
wholemutatorquantain theinterval, andthe � termcorrespondsto
thesizeof theremainingpartialmutatorquantum,which is de�ned
as

�

6

!���


'

�

1

�*) � �

�

( � # ( $��
)

�*)

�

( � # (
*

� # (

,

(16)

While thisexpressionis fairly awkward,asthenumberof intervals
becomeslarge,it reducesto thestraightforwardutilization expres-
sion � �

!

�

�����

'+( � �*)4$

6

�

(

�

( � # (

(17)

Now considerthespaceutilizationof atime-scheduledcollector.
Sincewe areassumingthecollectionrateis constant,at time ) the
collectorwill runfor � �I)4$:��% secondsto processthe � �I)4$ livedata
(sinceour collectoris trace-based,work is essentiallyproportional
to live dataandnot garbage).In thattime, themutatorwill run for

�

( secondsper # ( secondsexecutedby thecollector. Therefore,
in orderto run acollectionat time ) , we requireexcessspaceof

�?( �I)4$

6
�

�

'

�

�I)4$

1

�

�I)4$P�

� �I)4$

%

�

�

(

# (
,

(18)

We furtherde�ne themaximumexcessspacerequiredas

�?(

6

!���


�

�?( �I)4$ (19)

Freeingan object in our collector may take as many as three
collections:the �rst is to collect theobject;thesecondis because
theobjectmayhavebecomegarbageimmediatelyafteracollection
began,andwill thereforenotbediscovereduntil thefollowing col-
lectioncycle; andthethird is becausewe mayneedto relocatethe
object in orderto make useof its space.The �rst two properties
areuniversalto incrementalcollection; the third is speci�c to our
approach.

As a result,thespacerequirementof our collectorpairedwith a
given application(including unreclaimedgarbage,but not includ-
ing internalfragmentation)at time ) is

&2( �I)4$

�

� �I)4$&�����?( (20)

andtheoverall spacerequirementis

&2(

�

� �����?( (21)

However, theexpectedspaceutilizationis only � � �+��( , andthe
worst-caseutilization is highly unlikely; this is discussedin more
detailbelow.

5.2 Re�ning the Collection Cost Model
Theabove analysisassumedthat thecostof collectioncouldbe

modelledwith asinglegrossparameter% , whichmeasuresthecol-
lectionratein MB/s of livedata.However, this is inaccuratein two
respects:�rst, it assumesthat collectioncostis totally dominated
by themarkphase,andwhile this is generallytrue it is not always
soandotherphasesmaytake non-trivial amountsof time. Second,
it assumesthatthe“shape”of memoryis uniform,andthatasingle
traceratecanapply to all applicationsor even to all points in the
executionof a singleapplication.

We now examinethe actualcost of collection, and investigate
how the costmodelfor collectioncanbe re�ned. This is particu-
larly importantbecausethe parameter% directly controls ��( , the
excessspacerequiredto run the garbagecollector, which is mul-
tiplied by 3 in the equationfor the total spacerequirement(21).
Thereforeif we canmoretightly boundthecollectionrate,we can
reapa threefoldreductionin spaceoverhead.

In order to evaluatethe time requiredfor a garbagecollection,
it is necessaryto examinethephasesthatcomprisea collectionin
detail. The phasesandthe associatedfunctionsthat computethe
time for eachphaseare:

Initialize and Terminate. This is the constant-timeoverheadof
beginningandendinga collection( �

�

).

Root Scan. Scanthethreadstacksfor rootpointers( ��� ).

Mark. Traversetheobjectgraphstartingat therootsandmarkall
objectsencounteredas“li ve” ( ��� ).

Sweep. Movepageswith noliveobjectsontothelist of freepages;
markremaining“unmarked” objectsas“free” ( �

�

).

Defragment. If thenumberof freepagesfalls below a threshold,
move objectsfrom mostlyemptyto mostlyfull pages( ��� ).

Wecanthereforede�ne thetimerequiredto performacollection
at time ) in termsof thequantitiesde�ned above as

���

	

�I)4$

6

�

�

����� �I)4$&����� �I)4$P���

�

�I)4$P����� �I)4$ (22)

This allows usto rewrite equation(18)morepreciselyas

�?( �I)4$

6
�

�

'

�

�I)4$

1

�

�I)4$P�����

	

�I)4$��

�

(

# (�,

(23)

We now preciselyde�ne eachof thesecomponentfunctionsin
termsof thelive memory � �I)4$ , a setof parameterswhich charac-
terizetheapplication(denotedby lower-caseGreekletters),anda
setof costcoef�cients whichareobtainedby measuringthecollec-
tor (denoted "! ).

We characterizethemutatorin termsof � ve parameters.In gen-
eral,this is toomany parametersto expecttheuserto supply. How-
ever, in the quantitative analysiswe will show that the collection
time is insensitive to someparameters,and that otherparameters
vary very little acrossapplications.Therefore,we believe it will
bepracticalto specifythebehavior of anapplicationveryprecisely
with only oneor two parameters.

5.2.1 PointerDensityandMark PhaseCost
Themarkphaseis by farthemostexpensive in ourcollector. It is

thereforeof paramountimportanceto estimateits costaccurately.
We alreadyknow that thespeedof marking,measuredin MB/s,

variesby about50%acrossapplicationswith ourcollector. In fact,
it is surprisingthat it variesso little. We now considerthecostof
markingin moredetail.
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When we processa pointer, thereare threecasesthat may be
handled:(1) if thepointeris null, wesimply ignoreit; (2) wecheck
if thereferentis markedalready;if so,we aredone;(3) otherwise,
we markthereferentandprocessall thepointersit contains.

Now considerthe processingof a pointer to an array. If the
pointeris null, thecheckhastaken  ��

� computationsteps,and0
bytesof memoryhavebeenmarked.Otherwise,assumethepointer
is non-nullandthereferentis a 1 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.

Furthermore,if the array is an arrayof pointers,eachof those
pointersmustnow beprocessed.However, for accountingpurposes
we considerthis costto bepartof  ��

� .
In orderto characterizethemarkingcostmoreprecisely, we de-

�ne thefollowing quantities:

���

�I)4$ is numberof referencesin live memoryat time ) , in-
cluding root pointers. �

�I)4$

�

� �I)4$:�

�

, where
�

is the
word sizeof themachine;

���	�

�I)4$ is thenumberof non-null referencesin live memoryat
time ) , �	�

�I)4$

�

�

�I)4$ ; and

��


�I)4$ is thenumberof liveobjectsin memoryat time ) , 


�I)4$

�

�	�

�I)4$ .

In theoreticalterms,since  ���� ,  �

� , and  ��� , areconstants,
thecomplexity of themarkingphaseis �"�

�

�I)4$ $ .
Of course,in a real-timesystemwe carevery muchaboutthe

constantfactors. We can characterizethe cost of marking much
moreaccuratelyas

��� �I)4$
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 ���T�




�I)4$P�  �

�

�

�

�I)4$&�  ���/�

�

�

�I)4$ (24)

With thepropervaluesfor thecoef�cients, this formulagivesus
anaccurateaccountingof themarktimeof thecollector. However,
forcingtheuserto supplythequantities�

�I)4$ , �
�

�I)4$ , and 


�I)4$ directly
is inconvenientanderror-prone.

Instead,we usescaledparametersthat are independentof the
heapsize:

��� is the proportionof memorydevotedto the heap(asop-
posedto threadstacks),

��� is a lower boundon theaverageobjectsize(in bytes),

��� is a lower boundon thenumberof pointersperword,and

��� is anupperboundon thefractionof non-nullreferences.

Given theseparameterswe canboundthe quantitiesnecessaryto
compute��� from thesizeof live memory� �I)4$ :




�I)4$

�

�

�2� �I)4$

�

(25)

�

�I)4$

�

�

�2� �I)4$

� �

� (26)

�

�

�I)4$

�

�

�I)4$��

� (27)

where
�

is thewordsizeof themachinein bytes.
The useof the parameters� , � , � , and � is twofold: �rst of

all, they aremoreintuitive for theuserof thesystem;andsecond,
sincethey areindependentof heapsize,they aremorelikely to be
stableacrossboth multiple runsof the sameprogramandacross
differentprograms.This providesus with theopportunityto start

thesystemwith reasonabledefault valuesandonly requiretuning
of thoseparametersthatareatypical.

Thuswe canexpress��� �I)4$ in termsof thesesimpleparameters
andthemaximumlive memoryas

��� �I)4$

�

� �I)4$��

�

'

 ���

�

�

�

� �@�  �

�

�� ���

�

$

,

(28)

5.2.2 RootScanCost
In orderto characterizetherootscanningphasepreciselywede-

�ne thefollowing quantities:

���

�I)4$ is theamountof memorydevotedto threadstacks,

�����

�I)4$ is thenumberof referenceson thestacks,and

���	�

�

�I)4$ is thenumberof non-nullreferenceson thestacks.

Wecanthende�ne thecostof stackscanningas

��� �I)4$
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�

�I)4$&�  �

�

�

���

�I)4$P�� ��� �

�

�

�

�I)4$ (29)

where  ��� ,  �

� , and  ��� are the costcoef�cients of scanning
stackmemory, examiningpointerson the stack,andplacingnon-
null pointerson themarkstack,respectively.

As we did with our estimateof the costof the mark phase,we
canusetheparametersdescribingtheapplicationto obtainbounds
on thecostof eachcomponentin moreintuitive terms:

�

�I)4$

�

���/�

�

$��	� �I)4$ (30)
���

�I)4$

�

�

�I)4$:�

�

�

� (31)
�

�

�

�I)4$

�

�

�

���

�I)4$ (32)

whichallows usto expressthecostof theroot scanningphaseas

��� �I)4$

�

� �I)4$��@���"�

�

$

�

 ���S�

�

� �  �

�

�  ���

�

$�� (33)

5.2.3 SweepPhaseCost
In thesweepphasewe mustexamineevery live page,andthen

for every live pagewemustexamineandpossiblyupdatethemark
vectorassociatedwith theobjectson thepage.Thusif thereare #

livepagesand 8 blocksonthosepagesthecostof thesweepphase
is

�

�

�I)4$

6

 

�

�T�6#"�I)4$&�  

�

�

�28 �I)4$ (34)

where  

�

� and  

�

� arethecostcoef�cients of processinga page
anda block,respectively.

The numberof pagescan be boundedby &?( �I)4$:�?, , but since
&2( �I)4$ dependson �?( �I)4$ , which in turn dependson the time re-
quiredfor collection,using &?( �I)4$ wouldleadto arecurrence,which
we wish to avoid.

Wehavefoundexperimentallythatthespacerequiredby thecol-
lector hasnot exceeded�

3 �

��� , andsincethe costof the sweep
phaseis a relatively small componentof the overall cost,we can
afford to beconservative in ourcostestimation.

Therefore,to avoid thenecessityof introducingarecurrenceinto
the formula for thespacerequiredby thecollector, we simply as-
sumethatthereis an“expansionfactor”parameter� whichbounds
thesizeof theheap.By defaultweset �

6

�

3 � . Therefore,thesize
of theheapis � �	� �I)4$ andthenumberof livepagesis

#"�I)4$

�

� �I)4$

,

��� (35)

andthenumberof blockson livepagesis boundedby

8 �I)4$

�

,(�2#"�I)4$

�

(36)
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� & 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 garbagecollection phase(in seconds)and the measured valuesfor the parameters that characterize the
collectioncost. � is the fraction of memory devoted the heap; � is the averageobject size; � is the pointer density; � is the fraction of
non-null pointers; � is the expansionfactor for the heap;and

�

is the locality of size.

andthus

�

�

�I)4$

�

� �I)4$����

'

 

�

�

,

�

 

�

�

�

,

(37)

5.2.4 DefragmentPhase
In someways,thecostof thedefragmentphaseis themostdif-

�cult to model. In theory, defragmentationcould requiretherelo-
cationof all live memory � �I)4$ ; however, in practicewe �nd that
evenadversaryprogramscauselessthan3% of live memoryto be
moved. In orderto accomadatethepotentialfor largevariationin
cost,we introduceanadditionalparameter, in thesamemanneras
we did for themarkphasecostestimation.

�

is ameasureof thelocality of sizeof theapplication.If
�

6

� ,
the programalwaysre-usesblockswith objectsof the samesize,
andthereforethereis no needfor defragmentation.On the other
hand,if

�

6

� , thereis no re-useand the maximumamountof
defragmentationwork mustbeperformedat eachcollection.

Locality of size is a bit morecomplex to de�ne thanthe other
parameterswehaveusedto characterizetheapplication.Wede�ne

�

asfollows: for eachsizeclass
 , weconsiderthenumberof bytes
freedby a collection

�

B andthe numberof bytesallocatedduring
that collectioncycle � B . If

�

B

6

� B then the collector hasfreed
exactly as much memory in size class 
 as it hasallocated,and
no defragmentationis necessary. On the otherhand,if

�

B��

6

� B ,
then the smallerof the two denotesthe amountof memorythat
canbereusedin sizeclass
 (if ��B is smaller, thenwe do not reuse
all availablememory;if

�

B is smallerthenall availablememoryis
reused).

In orderto obtaina measureof locality we scalethesizesby the
total memory. The total bytesfreedandallocatedacrossall size
classesaredenoted

�

and � . Thenthe locality of sizeacrossall .

sizeclassesis

�

6

�

B�@

0�� � � 5

!

�

�

'

�

B

�

1

� B

�
,

(38)

Thenthecostof defragmentationis

��� �I)4$
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or in reducedform
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(40)

5.3 A Tighter Time Bound
Basedon thesecharacterizations,we areable to de�ne a tight

boundon thetimerequiredfor garbagecollection,namely
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(41)
Of course,this equationis horribly complex. Fortunately, the

userof our systemdoesnot needto be awareof this complexity.
They cansimply specifythe small numberof parametersthat ac-
curatelycharacterizetheir application.In thefollowing sectionwe
will show experimentallywhich parametersneedto be speci�ed
andhow well themodel�ts reality.

5.4 Measurements
Table1 showsthemeasuredcostof eachphaseof collection,and

themeasuredvaluesof parameterswhich areusedto characterize
the cost of collection. The benchmarksincludea selectionfrom
SPECjvm98aswell asa syntheticbenchmarkdesignedto actasa
fragmentationadversaryprogram.

The resultsarewell in line with expectations:we expectedthe
time requiredfor the mark phaseto dominateall otherphasesof
collection.

The sweepphaseonly consumes5-7% of the total collection
time. The defragmentationphaseconsumesonly 2-6% of collec-
tion time for realisticprograms.However, for the adversarypro-
gramfragger it consumes40%of thetotalcollectiontime. None
of theprogramsis deeplyrecursive,sostackscantimeis negligible.

The importantresult from the measurementsof the parameters
in theright-handsideof thetableis thataswehadpredicted,many
of themarevery stableacrossa varietyof benchmarks.In particu-
lar, theheapfractionof memory � , thepointerdensity � , andthe
fractionof non-nullpointers� show very little variation.

The parameter
�

tracksthe costof defragmentationquite well,
except that it is abnormallylow for mtrt . It accuratelyshows
that the locality of sizefor fragger is essentially0, becauseno
reuseis possible.On theotherhand,thelocality of sizeis greater
than80%for all benchmarksexceptmtrt , eventhoughit doesnot
spendmuchtime defragmenting.Thereasonis that

�

is conserva-
tive in thesensethatit doesnotaccountfor defragmentationthatis
avoideddueto entirepagesbecomingfreewhenall objectsonthem
die. Betterde�nitions of

�

area subjectof continuedresearch.
Oneof thedif�culties we encounteredin evaluatingthesystem

is that becauseJikesRVM systemin which we implementedour
collectoris written in Java [1], a largeportionof theheapconsists
of systemdatastructures.In particular, the “boot image”, which
is thecompiledJava codeimagewhich is dumpedinto a memory

9



segmentandloadedat virtual machineboottime,contains55 MB.
Thisispartof theheapandismarkedandsweptoneverycollection,
even thoughdeadobjectsin the boot heaparenot freed(the boot
heapis mutable).Thusthe � and & sizesincludethisdatafrom the
bootheap.

The result is that the boot heaphasan unduein�uence on our
measurementsandon our collectorperformance.This is mostob-
vious in thesurprisinglyhigh valuefor the averageobjectsize � .
The boot heapcontainsa very large proportionof compiledcode
objects,which tendto be largeandhave a low (zero)pointerden-
sity. In futurework we plan to treattheboot heapgenerationally,
asan old generationwhich 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 theparametersin Table1.

However, we stressthatwhile thepresenceof thebootheaphas
the unfortunateeffect of skewing someof the measuredvalues,it
hasno effect on thefundamentalreal-timenatureof thesystem,or
on theeffectivenessof thealgorithmsfor schedulingor performing
defragmentationwhich follow. In particular, it doesnot affect the
locality of size

�

.
DieckmannandHölzle [11] have performeda studyof a setof

Java benchmarkcharacteristicswhich measuredsomeof thesepa-
rameters.Their resultsweresigni�cantly different. This is dueto
two factors:they studiedanabstract“perfect” virtual machinewith
no overheads(suchastheBrooksforwardingpointerin our object
headers),andour virtual machineis written in Java andthe VM
structuresaresubjectto collectionlike everythingelse.

6. SPACE BOUNDSAND TRIGGERS
We now re�ne the spacerequirementsfor the collectorby rea-

soningmorecarefullyaboutequation21. Ourpreviousanalysis[3],
shown in Section5.1.2,required����( extraspacein orderto run the
applicationwhile meetingreal-timebounds. By consideringde-
fragmentationseparatelyweareableto considerablyimproveupon
this bound.

To begin with, we separate��( into two components:the space
requiredto performadefragmentationphaseof thecollection �

�

�I)4$ ,
andthespacerequiredto performall theotherphases�����I)4$ (prin-
cipally consistingof markandsweep):

�?( �I)4$
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By equations23, 39, and41 we arecande�ne the components
as
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andasbeforewe will denotethemaximalvaluesby ��� and �

� .
Let �

��� be the valueof �

� assumingthat thereis no locality of
size(

�

6

� ). Then
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because��� �I)4$ is scaledby � �

�

andwe assumethat the alloca-
tion rateis nearlyconstantover thetimescaleof adefragmentation
cycle,allowing the �S�

�

factorto bepulledoutof theequationfor
��� �I)4$ .

In theworstcase,all memoryallocatedduringa garbagecollec-
tion will be�oating garbage(that is, ���/� �

� bytes).Furthermore,
thatmemorywill not becomeavailableuntil theendof thesweep

phaseof thefollowing collection,duringwhich time anadditional
��� byteswill have beenallocated.Sothetotal �oating garbagecan
beashigh as �+���"� �

� bytes.
In addition,in asteadystate,wewill haveto defragmentasmany

pagesaswe allocate.Thesizein bytesof freepagesallocateddur-
ing a collection is ��� �

�

$��
��� � �

�

$ , becausedue to locality of
size,

�

�
���/� �

�

$ will beallocatedout of existing formattedpages.
Becausedefragmentedpagesconsumememoryfor an entirecol-
lectioncycle, this mustbeaddedto thememoryoverhead.

Therefore,thetotalmemoryrequirementis
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whichwe canrewrite in termsof �

��� andsimplify as
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Note that in the casewhen there is completelocality of size
(

�

6

� ) then the equationdegeneratesinto � � �+��� , which is
thestandardformula for spaceoverheadin an incrementalcollec-
tor. On the otherhand,if thereis no locality of size(

�

6

� ), the
equationdegeneratesto � � ����� � �+�

��� , a slightly moreprecise
versionof equation21. In general,we expect

�

to behigh, so the
spacerequirementin practiceis not substantiallyhigherthanfor a
standardincrementalcollectionalgorithm.

6.1 When to Collect?
Given our mechanismfor garbagecollectionanddefragmenta-

tion,westill requireanalgorithmfor determiningthepropertimeto
invoke a garbagecollection,andfor determininghow many pages
mustbefreedby thedefragmentationphasein thatcollection.

The algorithm dependson tracking the numberof free pages
in the system,sincein order to respondto a worst-casescenario,
we musthave freepagesavailablethatcanbeassignedto any size
class.

Let $

� be the maximumnumberof free pagesallocatedduring
a garbagecollection,excludingthedefragmentationphase;and $

�

bethemaximumnumberof pagesallocatedduringthedefragmen-
tation phase.Sincewe allocate ��� bytesduring a collection(ex-
cluding the defragmentationphase)anddue to locality of size

�

of thosebyteswill beallocatedfrom existing pages,andgiventhe
pagesize , , thenthenumberof new pagesallocatedis

$

�
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andsimilarly
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Let
�

�I)4$ be the numberof free pagesat time ) and 	+�I)4$ be the
numberof defragmentedpagesat time ) (thesepageswill become
freeat theconclusionof thenext markphase,whichwill updateall
theforwardingpointers,therebyremoving referencesto thedefrag-
mentedpages).

Now considertherequirementsto rungarbagecollectionto com-
pletionat time ) . Werequirethatthenumberof freepages

�

�I)4$�


$

� (50)

In addition,thenumberof freeanddefragmentedpagestogether
mustbe suf�cient to run until the endof the sweepphaseof the
following collection:

�

�I)4$P��	+�I)4$

(�

$

�"�

$

� (51)

Thesetwo conditionstogetherdeterminewhengarbagecollec-
tion is triggered:if eitherconditionis aboutto beviolated,a col-
lectionis triggered.Thusthetriggeris checkedon theslow pathof
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allocation,whena new pageis allocated(reducingthenumberof
freepages).

Since
�

�I)4$ changeswith every pageallocation,but 	+�I)4$ is stable
exceptat defragmentation,wecombinethesetwo equationsinto

�

�I)4$

 !���
��

$

�

1

�

$

�"�

$

�

� 	+�I)4$ $ (52)

6.2 How Much to Defragment?
In orderto ensurethatequation52 canbesatis�ed while never

requiring the mutatorto wait for an allocationrequest,we must
determinehow many pagesto defragmentduring eachcollection,
therebydetermining	+�I)4$ .

Sincethere is a time lag in the availability of pagesfreed by
defragmentation,the numberof pagesdefragmentedmustbe suf-
�cient to ensurethat thenext collectioncanrun to completion(of
necessitywe have alreadyensuredthat the currentcollectioncan
complete).

More precisely, the numberof free pagesplus the numberof
pagesdefragmentedmustbesuf�cient for two collectioncycles,or
expressedin termsof thepagesto defragment:

	+�I)4$ 
(���

$

�"�

$

�

$��

�

�I)4$ (53)

7. RELATED WORK
Most so-called“real-time” garbagecollectionalgorithmsdo not

guaranteemutatorutilization levels[2, 5, 8, 9, 14, 16, 18], and
thereforedo not needto calculatethe collection trigger precisely
aswe do (becausethey effectively slow down themutatorin order
to allow collectionto terminatebeforerunningoutof memory).

Henriksson[13] providesa carefulanalysisof schedulabilityin
anenvironmentwheretheapplicationis dividedinto high-andlow-
priority tasks.It is assumedthathigh-prioritytasksareperiodicand
verypreciselycharacterized.Theadvantageof ourapproachis that
it appliesto muchmoregeneralapplications,andallowsthemto be
characterizedpreciselyusinga smallnumberof parameters.

7.1 Fragmentation
Earlywork, particularlyfor Lisp, oftenassumedthatall memory

consistedof CONScellsandthatfragmentationwasthereforeanon-
issue.Baker's Treadmill [5] alsoonly handlesa singleobjectsize.

Johnstone[14] showedthatfragmentationwasoftennota major
problemfor a family of C andC++ benchmarks,andbuilt a non-
moving “real-time” collector basedon the assumptionthat frag-
mentationcould be ignored. However, thesemeasurementsare
basedonrelatively short-runningprograms,andwebelieve they do
not applyto long-runningsystemslike continuous-loopembedded
devices,PDAs, or webservers.Fundamentally, this is anaverage-
caseratherthan a worst-caseassumption,and meetingreal-time
boundsrequireshandlingworst-casescenarios.

Furthermore,the useof dynamicallyallocatedstrings in Java
combinedwith the heavy useof stringsin web-relatedprocessing
is likely to make objectsizeslesspredictable.

Dimpsey et al. [12] describethe compactionavoidancetech-
niquesin the IBM productJVM, which arebasedon Johnstone's
work. They show thatthesetechniquescanwork quitewell in prac-
tice. However, whencompactiondoesoccurit is very expensive.

Siebert[17] suggeststhat a single block size can be usedfor
Java by allocatinglarge objectsaslinked lists andlarge arraysas
trees.However, this approachhassimply tradedexternalfragmen-
tation for internalfragmentation.Siebertsuggestsa block sizeof
64bytes;if therearealargenumberof 8-byteobjects,internalfrag-
mentationcancauseafactorof 8 increasein memoryrequirements.

8. CONCLUSIONS
Wehave presenteda hybrid real-timecollectorthatoperatespri-

marily asanon-moving incrementalmark-sweepcollector, but pre-
vents fragmentationvia the useof limited copying (in real pro-
grams,nomorethan6%of collectiontimeis spentin defragmenta-
tion). Becausefragmentationis bounded,thecollectorhasa prov-
ablespaceboundyet retainsa lower spaceoverheadthana fully-
copying real-timecollector.

Wehavepresentedadetailedanalysisof fragmentation,andhave
describedhow ourcollectorboundsinternalfragmentationandcor-
rectsexternalfragmentationby moving objectsandfreeinglightly
usedpages.We have presentedmeasurementsthat show the ef�-
cacy of thesetechniques,which indicatethatour defragmentation
strategy is capableof substantiallyreducingtheminimumheapsize
requiredby applications.

We have alsopresenteda detailedmodelfor the costof collec-
tion, and shown how this can be usedto tighten both the space
andtime boundsfor real-timecollection. Thecostof collectionis
parameterizedby six quantitiesthatdescribetheapplicationbeing
collected.Wehavemeasuredthesequantitiesandshown thatmany
of themarequite stableacrossa rangeof benchmarks,indicating
that for many applicationsdefault valuescan be provided by the
system,simplifying theuserinterfaceto thecollector.
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