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ABSTRACT

Pretenuringcanreducecopying costsin garbagecollectorsby allo-
catinglong-livedobjectsinto regionsthatthegarbageollectorwill
rarely, if ever, collect. We extendprevious work on pretenuringas
follows. (1) We producepretenuringadvicethatis neutralwith re-
spectto thegarbagecollectoralgorithmandconfiguration We thus
can and do combire advicefrom differentapplications. We find
thatpredictionsusingobjectlifetimesat eachallocationsitein Java
programsareaccuratewhich simplifiesthe pretenuringmplemen-
tation. (2) We gatherandapply adviceto applicationsandthe Jala-
pefo JVM, acompilerandrun-timesysterfor Javawrittenin Java.
Our resultsdemonstratéhat building combinel adviceinto Jala-
pefo from differentapplicationexecutionsimproves performane
regardlessof the applicationJalap@o is compiling and executing.
This build-time advicethus gives userapplicationssomebenefits
of pretenuringvithoutary applicationprofiling. No previous work
pretenuresn the run-time system. (3) We find that application-
only advicealsoimproves performane, but that the combindion
of build-time andapplication-speific adviceis almostalwaysno-
ticeablybetter (4) Our sameadviceimprovesthe performanceof
generatioal andOlderFirstcollection,illustratingthatit is collec-
tor neutral.

General Terms
Garbagecollection,pretenuringlifetime prediction,profiling

1. Intr oduction

Garbagecollection (GC) is a technique for storagemanagerant
thatautomaticallyreclaimsunreaclable programdata. In addition
to sparingthe programmerthe effort of explicit storagemanage-
ment,garbagecollectionremorestwo sourcef programminger-

rors: memoryleaksdue to missingor deferredreclamation;and
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memory corruptionthrough dangling pointersbecauseof prema-
turereclamation.Thegrowing useandpopuarity of Java, in which

garbagecollectionis arequiredelementmalkesattaininggoodcol-

lectorperformancekey to goodoverall performanceHereour goal
is to improve collectorperformancéy reducingGC costsfor long-

lived objects. We focus on geneational copying collection [17]

anddemorstratethegeneralityof ourapproactwith the OlderFir st
collector[15].

Generationatopying GC partitionstheheapinto age-basedener

ationsof objects,whereageis measuredn the amountof alloca-
tion (the acceptedoracticein the GC literature). Newly allocated
objectsgo into the youngest generationthe nursery. Collection
consistsof three phases:(1) identifying roots for collection; (2)

identifying and copying into a new spaceary objectstransitively
reachabldrom thoseroots(called‘li ve’ objects);and(3) reclaim-
ing thespacevacatedy thelive objects.Ratherthancollectingthe
entireheapandincurring the costof copying all live objects,gen-
erationalcollectorscollectthe nursery placesurvivorsin the next

oldergeneation,andonly collectsuccessiely oldergenerationsf

necessary

Pretenuringallocatessomeobjectsdirectly into older geneations.
If pretenuredobjectsare indeedlong-lived, then the pretenuring
avoids copying the objectsfrom the nurseryinto the generation
wherethey are allocated. An ideal pretenuringalgorithm would

inform the allocatorof the exactlifespanof a new object,andthen

theallocatorwould selecttheidealgeneratiorin whichto placethe

object. Thecollectorwould thusconside anobjectonly afterit has
sufficienttimeto die, avoiding ever copying it. If anobjectwill die

beforethe next nurserycollection,thenthe allocatorwould place
it in the nursery(the default), whereasf the objectlivesuntil the

terminationof the program, thentheallocatorwould placeit into a

permanetregion.

Withoutanoracle pretenuringadvicecanbegleanedrom applica-
tion profiling on aperallocation-sitg8] or call-chain[4, 14] basis.
For our suiteof Java programswe show thatallocation-siteadvice
resultsin accuratepredictionsandthesepredictionsarerobustover
differentinput data. ML programsaresimilar [8], whereasC pro-
gramsneedthe additionalcontext of a call-chain[4, 14].

We usetwo objectlifetime statistic§¥measuredn bytesallocated):
lifetime andtime of death Obijectlifetime is how long an object
lives(in bytesof allocation),andtime of deathis the pointin the
allocationhistory of the programat which the objectbeconesun-
reachable Our adviceclassifiessachobjectasimmortal—its time
of deathwascloseto the endof the program,shortlived—its life-

timewaslessthanathresholdvalue,or longlived—everythingelse.



Cheng,Harper andLee (CHL) insteadclassify objects(allocated
ata particularallocationsite)thatusuallysurvive a nurserycollec-

tion in agenerationatollectoraslong lived, andthosethatdo not

asshortlived [8]. CHL profile agivenapplicationandgenerational
collectorconfigurationto generatepretenuing advice. We instead
usefrequentfull-heapcollectionsto generatehe lifetime statistics
from which we derive our advice,a more costly process.Because
our statisticsarecollector andconfiguratiorneutral they aremore

general.

The generalityof our pretenuringadviceresultsin two key adwan-
tagesover previouswork. (1) Sincewe normalizeadvicewith re-
spectto total allocationfor a specific execution, we can and do
combineadvice from different applicationsthat shareallocation
sites(e.g.,classesnternalto the JVM, andlibraries). (2) We can
anddo usethe adviceto improve two distinctcollectors,an Appel-
stylegeneratioal collector[3] andanOlderFirstcollector[15], on
five benchmarks,threefrom SPECJVM98.

In our experimentswe usetheJalap&o JVM [2, 1], acompilerand
run-timesystemfor Java written in Java, extended with an Appel-
style generationakollector We profile all our benchmark, and
thencombinetheir pretenuringadviceto improve the performane
of Jalapé@o itself; we call this systembuild-time preteruring. Be-
causeCHL profile adviceis specificto both the applicationand
collectorconfigurationthey cannd readilycombineadvicefor this
purpcse. Whenmeasuringhe effectivenessof our build-time pre-
tenuring,we omit informationfrom theapplicationto be measured
from the combinedadvice. Suchadviceis calledtrue advice[4].
We show that build-time pretenuringimproves the performane
of Jalap@o running our benchmaks an averageof 8% for tight
heapswithout ary application-speific pretenuring. As the heap
sizegrows, the impactof garbagecollectiontime andpretenuring
on total executiontime decreaseshut pretenuringstill improves
collector performance.Building pretenuringinto the JVM before
distribution meansuserswill benefitfrom pretenuringvithout pro-
filing their applications.Justusingour application-speific profile
advicealwaysimproves performane, too: up to 3.5%on average
for tight heaps. Our adviceis alsoon averagecompardle to us-
ing CHL advice,andis significantly betterfor tight heags. Com-
bining our build-time andapplication-speific advicealwaysyields
thebestperformanceit decreasegarbagecollectiontime on aver-
ageby 20%to 32%for mostheapconfiguratiors. It improvestotal
executiontime on averageby 7% for atight heap.

Theremainderof this paperis organizedasfollows. Section3 dis-
cusseur approah to pretenuringandthe collectionandgenera-
tion of pretenuringadvice It alsoanalyzeghelifetime behaiors of
objectsin our Java applications.We thendescribeour experimen-
tal methodol@y andsettingin Sectiond4. Sections present&xecu-
tion timeresultsfor pretenuringvith generatioal collectionfor the
Jalap@&o JVM at build-time, application-speific pretenuringwith
CHL andour advice,andthe combinationof application-specific
and build-time advice. We further demonstratehe generalityof
our advice by shawving the sameadviceimproves an Older First
collector We thencomparerelatedwork with our approachand
conclude.

2. Background

Forthis papemwve built anAppelstylegenerationatollector[3] that
partitionsthe heapinto a nurseryanda secondolder, generation.
It alsohasa separatepermanenspacethatis never collected.The
total heapsizeis fixed. The nurserysizeis flexible: it is the space
not usedby the older generatiorandthe permanat space.Some

heapspaceis alwaysresened for copying (this spacemustbe at
leastas large as sum of the nurseryand the older generationin
orderto guaranee that collecting the nurseryand then the older
generationwill notfail). Whenall but the resered heapspaceis
consuned, it collectsthe nursery promaessurviving objectsinto
the older generation and makes the freed spacethe new nursery
After anurserycollection,if theold generatiofssizeis closeto that
of thereseredspaceit triggerscollectionof theoldergeneration.

3. Pretenuring Advice

Two objectives are central to our approab: prodwcing robust
andgeneralpretenuringadvice,andunderstanihg andtestingthe
premiseof persite lifetime homogeeity on which the succes®f
profile-driven pretenuringests.

3.1 Gathering and Generating Pretenuring Advice

Any algorithmfor generatingpretenuringadvicemustconside the
two major costcompaents:copyingandspacerental The copy-

ing costincludesscanting and copying an objectwhenit survives
a collection. The spacerental costis the spacein memoryoccu-
pied by objectsover time. On the two extremes,pretenuringad-

vice thatrecommend pretenuringall objectsinto permanenspace
minimizescopying costsbut incurs a high spacerental cost; and
advicethat recommend pretenuringno objectsminimizes space
rentalcostat the expenseof highercopying costs.

Oneof our goalsis to gener&e advicethatis neutralwith respect
to ary particularcollectionalgorithmor configuration. This goal
precludeshe useof the metricusedby CHL [8], which pretenuies
if thecollectorusuallycopiesobjectsallocatedataparticularsitein
the contet of a specificgenerationatollectorconfiguration. Our
approat is insteacbasedn two fundametal objectlifetime statis-
tics: age andtimeof death Objectageindicateshow longanobject
lives,andtime of deathindicatesthe pointin theallocationhistory
of the programat which the objectbecomesinreaclable.

Following the garbagecollection corvention of equatingtime to
bytesallocated,we normalizeage with respectto max live size
Max live sizerefersto themaximumamountof live objectsin apro-
gramexecution which indicatesthe theoretical minimum memory
requiremenbf aprogram.We normalizetime of deathwith respect
to total allocation! For example,consideran objectallocatedto-
ward the end of the programthat dies after the last allocation. It
hasa normalizedtime of deathof 1.00. Objectageis a fractionor
multiple of the maxlive size. For example,anageof 0.25means
thatduring the lifetime of the object,0.25 x maxlive sizebytesof
allocationoccus.

Therelationshipetweernbjectage,time of deathmaxlive size,
and total allocationare illustratedin Figure 1 for a Java version
of health runninga smallinput set,whereonepointis plottedfor

eachobjects ageandtime of death. The top and left axes nor

malize'time’ with respecto total bytesallocatedfor thatprogram,
while the bottomandright axesshaw time with respecto the pro-
gram’s max live size,which relatesto a ‘heapfull’ of allocation.
This figure shavs that a large numberof objectshave shortlife-

times, and the vertical ‘lines’ of points indicate that throughot
the life of the programobjectsare mostlikely to die when they

reachone of a small numberof ages(for exampleabou 0.2 and
0.6 x max live size).

1The relationshipbetweenmax live size and total allocationis a
function of allocationbehaior. In our Java programstotal alloca-
tion rangedrom 11to 113timesmaxlive size.



Object age relative to total allocation
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Figure 1. Object Age and Death Distrib utions for health (3-
128)

Object Lifetime Profiling

We analyzeage and lifetime statisticsusing an execution profile
for eachapplication.The profile takesthe form of an objectgraph
mutationtrace,which recordsall objectallocations pointermuta-
tions, and object deaths. We log all allocations,all heappointer
mutations andwhenthe collectorfreesan object. To obtainaccu-
rateobjectdeathinformation, we trigger a (non-gererational)full
heapcollection frequerly (onceevery 64KB of allocation). We
gatherageandtime of deathstatisticsfor eachobject,aswell as
themaxlive sizeandtotal allocationfor the application.

Binning
For eachobjectallocatedat a given site, we cateorizeit into one

of threebins: short, long, or immortal We usethefollowing algo-
rithm.

1. If anobjectdiesmorethanhalfway betweerits time of birth
andthe endof theprogram,we bin it asimmortal

2. Otherwise,if anobjects ageis lessthan T, x maxlive size
bytes,thenit is binnedasshort

3. In all othercasesanobjectis binnedlong.

We useT,; = 0.2 in our experimentsbelon. Our immortal classi-
fication criterion is basedon the obsenation that objectsthat will
never be copiedhave a lower spacerequirementhan objectsthat
may be copied. The latter musthave spaceresered into which to
copy them. Becausen an Appel-stylegeneratioal collector the
resened spaceoverheads 100% (half the heap),anobjectshould
be classifiedasimmortal if deadtime/lifetime< 1 for thatobject,
wheredeadtime is thetime from whenthe objectdiesto theendof
the program.Figure 1 illustratesthis cateyorization.

Allocation Site Classification

Using the bins, we then classify a site. Given an allocationsite
thatallocatesa fraction S¢ of short-lived objects,L¢ of long-lived
objects,and|; of immortal objects,we classifyit usinga homo-
geneitythresholdHs asfollows:

1. If S +Hf > Lt + 1t weclassifythesiteshort
2. Otherwisejf St +Lt +H¢ > I+, we classifythe sitelong.
3. In all othercasesyve classifythe siteimmortal

Thuswe make aconserative classificatior(short)for thesiteif that
is the mostcommoncase andthe lessconservatie classifications
(long or immortal) whenthey are suficiently more commonthan
the otherchoices. For example,given fractionsof 0.1 short,0.35
long, and0.55immortal, we classifythe site‘long’ if Hs > (.55—
.35—0.1) = 0.1, butif Hf <0.1, weclassifyit ‘immortal. We use
H¢ = .33in ourexperiments Wefind our binningandclassification
fairly insensitie to reasonale choicesof T, andHs.

Combining Classificationsfr om Differ ent Program Executions

We are also able to combinedatafrom different programexecu-
tions to generatepretenuing advice. Our trace combiningalgo-
rithm works asfollows. For eachsite, we generatenew combined
binssg,lc,ic. For eachtracet, wefirstcompueaweightw; for each
site: wy = Vs/ W, wherevs is thevolumeallocatedat the site,andw

is the total volumeof allocationin thetrace. We thencomputethe
following combinedbins for all siteswith traceinformation. Let
We = Jq W

% (tist nym

le

(3 lesw), v
t=1

n

ic = (Ziit*Wt)/Wc

=

With thesebins, we thenusethe sameclassificationalgorithmas
above but with a differenthomogeneity factor which we call the
combininghomageneityfactor Hq¢. We found thatit wasimpor-
tantto be particularly conserative when combiningtraces,sowe
usedH.; = 0.9.

3.2 Testingthe Homogeneity Premise

Profile-drivenpretenurings premisecbn homogemousobjectlife-

times at eachallocationsite. Previous work shavs that ML pro-
gramsare amenableo a classificationof sitesas shortandlong,
wherelong meansusually survivesonenurserycollection’ [8]. C
programsarenot homogeneoust eachcall site,but requirethe dy-
namiccall chainto predictsimilar classef lifetimes[4, 14]. We
shaw in this sectionthatthe allocationsitesin our setof Java pro-
gramshave homogeneoudifetimeswith respecto our new classi-
ficationscheme.

We use 3 benchmark from the SPECJVM98 suite: _202_jess,
_213_javac, and_228 jack, plusIBM’ spBOB [6], onwhichSPEC
JBB 2000is based andhealth, anobject-oriened Jara versionof
the Olden C programthat modelsa healthcaresystem[13]. We
choosetheseprogramsbecausehey exercisethe garbagecollec-
tor. We explicitly excludeotherSPECIVM98 benchnarkssuchas
-201_compress becausthey have alow ratio of total heapsizeto



max live sizeandthusdo not exercisegarbagecollection. Table 1
containsthe total allocationin bytes,maximumlive sizein bytes,
andtheratio betweerthetwo, for eachbenchmark.

[ Benchmark | Live | Alloc [ Alloc/Live ]
jess 4,340,22 | 493,363764 113
javac 12,450,08 | 651,452676 52
jack 7,216,956 | 517,214752 72
pBOB 36,272,18 | 678,600124 18
health (6-128) | 3,503,011 | 39,679440 11

Table 1: Benchmark Characteristics: (Live) is maximum live
sizein bytes, (Alloc) is total allocation in bytes.

We presentwo typesof resultsin theremaindeof this section.For

javac andfor our combinedadvice,we illustrate our binning and
classificationdor a numberof call sitesin each. We thenpresent
aggre@ateadvicesummariegor eachbenchmarlandthe actualbe-
havior of the siteto demonstrat¢he quality of our advice.

Binning and Classification

Table 2 shavs our persite bins and objectclassificationfor javac
andour combinedadvicefor the Jalap@&o build-time system.We
includethe top 14 sitesranked by their spacerental costs,where
spaceaentalis thesize x lifetime productfor eachof the objectsal-
locatedatthatsiteasa percertageof total spaceental,andpresent
a cumulatize total of spacerentalcosts.Clearly, we excludemary
sitesin this presentationThelow cumulatve total for spacerental
demorstrateghattherearevery mary sitescontributingto thetotal
allocation.

We include the numberand volume of objectsthe site allocates,
andshawv the percentag®f objectsthatarebinnedasshort,long,
orimmortal. Using T = 0.2, Hf = 0.33, andH¢; = 0.9, we shav
our resultingclassification. Notice that mary allocationsitesare
homageneousithe majority of objectsat a site arein a singlebin.
For somesites,especiallyin the combinedtrace,objectsarewell
distributedamongbins. For javac, we classifymary sitesaslong
(), andin the combinedtrace,several sitesasimmortal (i). Thus,
we find sitesto pretenureanto thelong livedandimmortal space.

Table3 summarizeshelevel of classificatioraccurag for eachof
our benchmaks. We classify objectsas (short(s), long (), and
immortal (i)) on both a per-objectand per-site basis. We examine
the perobject(exact, indicatedwith subscripto) andpersite (rep-
resentatie, indicatedwith subscripts) decisiondor eachobjectto
establishithelevel of errorin the persite decisions.

Thenine decisionpairsfall into threecateyories: neutral,bad,and
good with respectto the non-pretenred statusquo. Neutral pre-
tenuringadviceallocatesobjectsinto the nursery((s, Ss), (lo,Ss),

and(io,Ss)). Badpretenuringadviceallocatesobjectsinto alonger
lived region than appropriate((s, ls), {lo,is), and(so,is)). Fol-

lowing badadvicetendsto wastespace.Good pretenuing advice
allocatesobjectsinto longer lived regions, but not too long lived
((io,is), (lo,ls), and(io,ls)). Following goodadvicereducesopy-

ing withoutwastingspace Table3 indicatesghatonaverage44.3%
of our adviceis “good”, 52.3%is “neutral”, andonly abou 3.4%
is “bad”.

4. Methodology

This sectionbegins by describinghow we usepretenuringadvice,
thenit overviews the Jalap@o JVM andthe GCtoolkit we built for
this exploration. We thendiscusshow we measureand configue
our system.

4.1 UsingPretenuing Advice

Both the generationabknd Older First collectorshave threeobject
insertionpoints:aprimaryallocationpoint (thenursery) aprimary
copy point (the secondgenerationand copy zone, respectiely),
andanallocationpointin permanet(immortal) objectspace.Our
advice classificationgnap allocationsto theseinsertionpointsin
the obvious way.

We have modifiedthe Jalap@&o compilerto generatean appropri-
ateallocationsequene whencompiling eachnew bytecodeif the
compilerhaspretenuringadvicefor thatbytecod. We provide ad-
vice to thecompilerasalfile of (sitestring advice pairs,wherethe
sitestringidentifiesa particularbytecodewithin aclass.By provid-

ing adviceto thecompileratbuild time(whenbuilding theJalap@&o
bootimage[1]), allocationsitescompiledinto the bootimage,in-

cluding the Jalap@o run-time system,can pretenure.If adviceis

provided to the compilerat run-time allocationsitescompiledat
run-time,includingthosein theapplication,canpretenure.

The advice part of a pair indicateswhich of the threeinsertion
pointsto use. Sincethe nurseryis the default, one needsto pro-
vide adviceonly for long-lived andimmortal sites.

In application-speific pretenuringwe useself advice[4], i.e.,the
benchmark executionsusethe sameinputwhengeneratingandus-
ing advice. In build-time pretenuring,we use combinedadvice,
omitting informationfrom the applicationto bemeasuregwhichis
calledtrue advice.

Using an advicefile is not the only way one might commuricate
pretenuringadviceto a JVM; bytecoderewriting is anothemossi-
bility whenone doesnot have accesgo the JVM internals. BIT
is a bytecod modificationtool that facilitatesannotationof arbi-
trary bytecales[12]. Similarly, IBM’ s JikesBytecodeToolkit? al-
lows bytecodemanipulation. Sinceour pretenuringadviceis im-
plementednside Jalap@o, we manipulatethe intermediaterepre-
sentatiordirectly. Also, for build-time pretenuringwe avoid modi-
fying alargenumberof Jalap@o classfiles by usingjustonesimple
text file for all pretenuringadvice.

4.2 The Jalapeio JVM and the GC Toolkit

We usethe Jalap@&o JVM for our implementatiorstudy[1]. Jala-
pefois ahigh performarce JVM writtenin Java. Becauselalapéo
usesits own compilerto build itself, a simplecharge to the com-
piler gave us pretenuringcapalility with respecto both the JVM
run-timeanduserapplications Thecleandesignof Jalap@omeans
that the addition of pretenuringto Jalap@o (beyond the garbage
collectorsand allocatorsthemseles) s limited to writing a sim-
ple advicefile parserand makingthe abosre minor changeto the
compiler Thesechangedotaledonly afew hundedlinesof code

We have developedGCTk, a new GC toolkit for Jalap@o. It is
an efficient andflexible platformfor GC experimenation, that ex-
ploits the object-orientatiorof Java and JVM-in-Java property of

2Available at http://www.alphavorks.ibm.com/tech/jiesk



% spacerentd % % bin %
site objects volume site total short | long | immortal | classfication

javac 137 | 465394| 9307880| 13.082| 13.082| 55.74| 35.22 9.04 S

3301 | 145636| 4077808 8.727| 21.809| 2.64| 77.13 20.23 |

3364 | 148676| 2378816| 5.556| 27.365| 38.10| 51.28 10.62 S

3361 96696 | 1547136| 5.553| 32.918| 4.85| 78.83 16.32 |

3308 48328 | 1159872| 3.783| 36.701| 0.56| 54.70 44.74 |

3310 49812 | 1793232 3.501| 40.202| 1.33| 64.43 34.24 |

3331 46924 791408| 3.198| 43.400( 1.10| 64.47 34.44 |

3330 40156 | 1766864| 2.734| 46.134| 1.10| 65.09 33.81 |

29 435580 | 1458880 2.256| 48.390| 93.53| 3.61 2.86 S

3327 | 382616| 7652320 2.046| 50.436| 93.00| 4.11 29.0 S

3340 32956 763504 | 1.843| 52.279| 3.39| 81.67 14.94 |

3303 22684 635152| 1.670| 53.949| 4.37| 52.81 42.81 |

3339 23980 575520| 1.519| 55.468| 1.84| 73.91 24.25 |

103 4787 114888| 1.491| 56.959| 5.31| 16.94 77.75 i

combina | 1992 | 725186| 1450320 4801 4.801| 77.79| 15.15 7.06 S

1862 | 106212| 1699392| 3.595| 8.396| 65.62| 23.03 11.35 S

2442 45537 | 1466549| 3.367| 11.763| 56.74| 18.86 24.39 S

2893 | 515773| 1975908 | 3.358| 15.122| 51.86| 15.62 32.52 S

3266 | 1663676| 5368728 | 3.214| 18.336| 72.42| 26.03 1.55 S

3111 | 127833| 7877744| 2.953| 21.289| 20.15| 25.76 54.09 S

2333 | 1191535| 38129L0 | 2.398| 23.687| 69.86| 28.38 1.76 S

1727 9813 235512 | 1.796| 25.483| 8.75| 11.54 79.71 S

1377 5461 89956 | 1.667| 27.150( 0.09| 0.00 99.91 i

3583 5453 567112 1.667| 28.818| 0.00| 0.00 1.00 i

424 15489 309780| 1.633| 30.451| 47.22| 15.75 37.03 s

2934 38758 775160| 1.628| 32.079| 40.06 | 32.54 27.40 S

1499 5294 460012 | 1.620| 33.699| 0.00| 0.00 1.00 i

2182 5273 84368 | 1.610| 35.309( 0.00| 0.00 1.00 i

Table 2: Per-site Object Binning and Classification
% good% % neutral% % bad%

benchmak | <io,is> | <lg,ls> | <ligyls> | <%0,%> | <loyS> | <0, &> | <Soyls> | <loyis> | <So,is>
jess 41.6 0.1 0.0 47.3 3.9 5.8 0.0 0.4 0.7
javac 10.6 37.0 155 23.7 8.1 3.1 1.6 0.3 0.2
jack 29.6 7.6 0.8 46.2 7.8 5.6 1.3 0.2 0.9
health 255 3.5 1.7 42.0 195 5.8 1.4 0.3 0.3
pBOB 37.7 3.3 6.8 33.9 4.9 4.0 25 6.0 0.9
average 29.0 10.3 5.0 38.6 8.9 4.8 1.4 1.4 0.6

Table 3: Per-program Pretenuring DecisionAccuracy (weightedby spacerental cost)

Jalap@&o. We have implementeda numberof GC algorithmsusing
GCTkandfound their performane to be similar to that of the ex-
isting Jalap@&o GCimplementationsQur Appel-stylegenerational
collectoris well tunedand usesa fastaddressorderwrite barrier
[15]. We extendthe algorithmin a straightforvard way to include
an uncdlectedregion (for immortal objects). We recentlyimple-
mentedthe Older First GC algorithm [15] using the GCTk, and
addedanuncollectedegionto it aswell.

4.3 Experimental Settingand GC Configuration

We performedour experimentakiming runson a MacintoshPaver
Mac G4, with two 533 MHz processos, 32KB on-chip L1 data
andinstructioncaches256KB unified L2 cache 1MB L3 off-chip
cacheand384MB of memory runningPPCLinux 2.4.3.(We used
only oneprocessr for our experiments.)

As indicatedin Section3.1,atime-spacdrade-of is attheheartof
eachpretenuringdecision. In orderto betterunderstanchow that
trade-of is playedout andto make fair comparisos, we condict

all of our experimentswith fixed heapsizes.We expressheapsize
asa functionof theminimumheapsizefor the benchmarkn ques-
tion. We definethe minimumheapsizefor a benchnark to be the
smallesheapin whichthebenchmarlcanrunwhenusingaAppel-
style generatioal collectorwithout pretenuring.This amour is at
leasttwice the maxlive size,we determinat experimerially.

For the generationkhalgorithm, we collect when the sum of the
spaceconsumed by the three allocation regions (nursery older
generation,and permanenbbject space)and the resened region
reacheghe heapsize. We collectthe older generationas per the
Appel algorithm, whenit approachs the size of the resened re-
gion.

5. Results

This sectionpresentsexecutiontime and other resultsusing gen-
erationalcollectionfor build-time pretenuringapplication-spcific
pretenuringwith our advice and CHL advice, and the combira-
tion of build-time andapplication-speific pretenuring Finally, we
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demorstratethat our adviceis collectorneutralby shaving thatit
improvesaverydifferentcollectoraswell, the OlderFirstcollector
In all of theexperimerts, we usethe pretenuringadviceparameters
Ta=0.2,Hs = 0.33,andH.; = 0.9 asdescribedn Section3.1.

We usethetimesreportedby the SPECIVM98 benchmark them-
seles; health similarly reportsits executiontime. The pBOB
benchmarkrunsfor afixed periodandreportstransactiongpersec-
ond, which we invert, giving time per transactionas our measure
of time. We always reporttimes normalizedwith respectto the
non-gretenurectase.

5.1 Build-Time Pretenuring

Build-time adviceis trueadvice;in theseexperimeris we acquired
it by comhining advice(Section3.1) from eachof theotherbench-
marks. Becausepretenuringwill only occurat sitespre-comjgled

into the Jalap@&o bootimage,build-time advicedoesnot resultin

pretenuringof allocationsiteswithin anapplication.However, be-
causeconsideableallocationoccursfrom thosesitescompiledinto

the bootimage(quite notably from the Jalap@&o optimizing com-
piler), build-time advice hasthe distinct advantage of delivering
pretenuringbenefitswithout requiringthe userto profile the appli-
cation.

Figure2 shaws for eachbenchmarkhetotal performarceimprove-
mentusing build-time pretenuringnormalizedwith respecto the
generatioal collector without pretenuing. It plots on the x-axis
the heapsizein multiplesof the minimum heapsizefor 32 points
betweenl and3.250n a log scaleversusrelative executiontime.
All our resultsusethe samex-axis.

Notice that thereis a lot of jitter for eachbenchmarkin these
graphs This jitter is presentin our raw performarce resultsfor

eachspecificallocatoras well asin the normalizedimprovement
graphswe show. Thejitter is mostly dueto variationsin the num-
ber of collectionsat a given heapsize. Small changesn the heap
size cantrigger collectionseitherright beforeor after significant
object death,which affects both the effectivenessof a given col-

lection and the numberof collections. This effect illustratesthat
GC evaluaion should,aswe do, usemary heapconfigurationsnot
justtwo or three.Pretenuringneitherdampensor exaggerateshis
behaior, butis subjectto it.
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Figure 3: Relative Execution Time for Application-
SpecificPretenuring

In somecaseshuild-time pretenuringdegracestotal performance
by a few percent,but for mostconfiguratiors, programsimprove,
sometimesignificantly Improvementgendto declineastheheap
sizegetslargerbecausehe contrikution of garbagecollectiontime
to total time declinesasthe heapgetsbigger simply becasethere
arefewer collections. Pretenuringhus hasfewer oppatunitiesto
improve performarte, but pretenuringstill achieves an improve-
menton averageof around2.5%evenfor largeheaps All prograns
improve on average,andfor javac and health, with a numker a
configuratiors improvemens aremorethan 15%. Theseimprove-
mentsarearesultof reducingcopying in the garbagecollector and
thesignficantdecreasé GCtimeimprovesoverall executiontime.
Section5.3 presentshesemeasurementaswell.

5.2 Application-Specific Pretenuing

In this section,we compae our classificationschemeto the CHL

schemd8] using application-sgcific (self) advice. Given an ap-
plicationrunningwith a generationatollectorwith afixednursery
size, CHL advicegenerationfirst measureshe proportionof ob-

ject instanceghat survive at leastone minor collectionon a per

allocationsite basis. CHL classifiesaslong-lived thoseallocation
sitesfor which a high proportionsurvive (we implementedtheir
approat with the same80% thresholdthey used).CHL thenpre-
tenureqallocates)bjectscreatedat thesesitesinto the older gen-
eration,andallocatesbjectsfrom all the otherallocationsitesinto

thenurseryin theusualway. Becausef allocation-sitthomayene-
ity in ML (whichwe alsoobsenedin Section3.2for our Java pro-
grams) their approachs fairly robustto the threshold.

The biggestdifferencebetweenthe two classificationschemess

that we include an immortal category and our collector putsim-

mortal objectsinto a region thatit never collects. With respecto

spacerental cost, pretenuringallocateson average29% of objects
into theimmortal spacgseeTable3), andthesedecisionsareover

whelminglycorrect(becaus®urdecisiongo pretenurego immortal
spaceareso conserative). Sinceboth schemegetthe sametotal

heapsizein our experiments,allocationinto the immortal region

reduceghe portion of the heapthe generationatollectormanagse
in our schemgseefigure5).

Figure3 comparesCHL andUMassapplication-speific pretenur
ing, usingthe generationkcollector which hasa flexible nursery
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Figure4: Comparing UMassApplication-Specific, Build- Time,

and Combined Pretenuring

size. The figure shaws the averagerelative executiontime usinga
geometricmeanof our benchnark programs.On averageour ad-
vice performsaboutaswell asCHL, exceptin atight heapwhere
theimpactof immortal objectsis highestand our adviceperforms
significantlybetter With UMasspretenuringjmmortal objectsare
never copied,andbecausehey do notrequireresened copy space
they aretwice asspaceefficientasregularheapobjects.With CHL
theseobjectstypically go into the secondgenerationGivenatight
heapanda flexible nurserysize,the amountof spaceavailableto
the nurseryis thusreduceal, which triggersmorefull heapcollec-
tionsfor CHL. This costis greatetthanthe savzingsof avoidingone
copy out of the nursery Our schemes sometimessubjectto the
samebehaior, but clearlylessfrequently With alargerheap,both
schemeswvoid theseadditionalfull heapcollections.

BecauseCHL advicegenerdion is specificto program,collector

and collector configuration,it canrot be combinedfor build-time
pretenuringwithout significantchangeto the algorithm. We male

no further comparisonswith CHL becase of this dravback and
becausgas we have just illustrated, our three-vay classification
offerssimilar performanceo the CHL two-way schemeon average
andmuchbetterperformane thanCHL for tight heaps

5.3 Combining Build-Time and Application-Specific
Pretenuring

This section shavs that combinirg build-time and application-
specificpretenuringresultsin betterperformancethan eitherone
alone. For thesethreepretenuing schemeswe presentesultsus-

ing thegeometrianeanof the5 benchnarksfor relative mark/cors

ratio in Figure 4(a), the geometricmeanof the relatve garbage
collectiontime in Figure 4(b), the geometricmeanof the relative

executiontime in Figure4(c), andthe relative executiontime for

eachbenchmarkn Figure6.

Figure4(a)shavsthemark/congatiofor eachpretenuringscheme,
relativeto non-pretenring. Themark/corsratiois theratio of bytes
copied(“marked’) to bytesallocated(“cons”). Thefigure explains
why pretenuringworks: it reducescopying. In all casespretenur

ing reduceghe numbe of objectsthe collectorcopies.Reductiors

rangefrom 1% to 33%, which is quite significantwhenminimum

heapsizescanbeaslarge 150MB (pBOB).

Figure5 offers additionalinsights. Figure 5(a) shavs heapusage
over time for a run of the javac benchmak without pretenuing,

and Figure 5(b) shavs it with pretenuring. The top line in each
graphshaws the total heapconsumpion immediatelybeforeeach
GC. Thesecondine shaws the spaceconsumedby the older gen-
erationimmediatelybefore eachGC (both nurseryand full heap
collections). Finally, the bottom line shawvs the immortal space
consunption (alwayszeroin Figure5(a)).

Note thatin pretenuring allocationto immortal spaceeffectively

increaseghe size of the heapbecaus it doesnot needto resere
spaceo copy immortals.(Of coursethetotal spaceavailableis the
samein both cases.)Thusthe pretenuing graphs total occupied
heapsizeis larger This makes the nurseryeffectively larger A

largernurserydelaysthe growth of the oldergeneratioranddefers
older generatiorcollections. The lowestpointsin the secondine

arevery similarin bothgraphswhich shavs thatpretenuringdoes
not allocatemary immortal objectsinapprgoriately (if it does,the
secondliine would be higherfor pretenuring. Also notethat the
shape®f thefour troughsin the secondinestowardstheright side



_213 javac, 30MB heap, no pretenuring

16 MB | Gen 1‘+Gen0 L ‘ ‘ ‘
Genl --—-----

14 MB

12MB MAW

10 MB

8 MB

6 MB

Volume of heap consumed

4 MB

2 MB

h
h
h

0 MB Il Il Il Il Il Il
0 MB 125MB 250 MB 375MB 500 MB 625MB 750 MB

Time (allocation)

(a) HeapProfile Without Pretenuring

_213 javac, 30MB heap, build & application pretenuring

T T T
Immortal + Gen 1 + Gen 0 ]
Immortal + Gen 1 -------
Immortal -------- "

16 MB |-

14 MB

12 MB

10 MB

8 MB

| i i
6 MB : ! i
!
! /
/

Volume of heap consumed

4 MB

2MB [

oMB — I I I I I I
0MB 125MB 250MB 375MB 500 MB 625MB 750 MB

Time (allocation)

(b) HeapProfile with Build-Time and Application-Spec-
ific Pretenuring

Figure5: Heap UsageOver Time By Regionfor a Run of javac

of the figures. When not pretenuring the bottomsof the troughs
areflat, shaving thatthereis no directallocationto the oldergen-
eration. With pretenuringthey shav anupward slopeto theright,
indicatingdirectallocationto the oldergeneration.

In summarypretenuringperformsbetterbecaseit doeslesscopy-
ing. It reduces copying in two ways: directallocationinto theolder
spacesvoidscopying to promotelongerlived objects;andtheim-
mortal spaceeffectively increaseshe size of the heap,thusreduc-
ing the numkber of GCsandtheamourn of copying.

Figure4(b) shavs thatthe reductionin copying costsignificantly
and consistentlyreducesGC time, especiallyconsicering the ad-
vice is true ratherthan self advicefor build-time pretenuring. In
particular combinedapplicationand build-time pretenuringim-
proves GC time between20% and 30% for mostheapsizes.App-
lication-specificpretenuringis on averageusually the leasteffec-
tive of thethree,but it occasionallyimprovesover build-time pre-
tenuring, mirroring the mark/cors results. Combinedpretenuring
is virtually alwaysthe bestof thethreeschemes

Collectortime is of coursea fraction of total executiontime and

that fraction rangesfrom arourd 10% on large heapsto 45% on

very small heapsfor our prograns. Figure4(c) showvs thatall the

pretenuringschemegémprove performarce. Averageémprovements
areusuallybetweenl% and4%, but asshavn in Figure6, individ-

ual programsmprove by asmuchas29%.

Figure 6 compaesthe threeschemeswith respectto eachof our
benchmark prograns. Notice againthat pretenuringmprovesper
formancemorein tighter heaps.For applicationspecificpretenur-
ing andatight heapjess, javac, andjack exhibit degradationgiue
to the pheromenondescribedn Section5.2. We getour bestim-
provements on javac andhealth. Tablesl and 3 shawv thatthese
programshave very different lifetime characteristicand receve
very differentpretenuringadvice. For javac, pretenuringallocates
objectswith 11% of the spacerental costinto the immortal space
and54% into the long-lived space. For health, 26% go into im-

mortaland5% into thelong-lived space . Thesedifferencedurther
emphasizehevalueof athree-vay classification.

5.4 Impr oving Older First Collection

Using an Older First (OF) collector [15], we shaov the samead-

vice canimprove this collectoraswell. The OF collectororganizes
the heapin allocationorder View the heapasa queue;the oldest
objectsareat the tail andthe OF allocatorinsertsnewly allocated
objectsatthe headof the queue.OF begins by positioningthe win-

dow of collectionattheendof thequeuewhich containsheoldest
objects. During a collection, it copiesand compats the survivors
in place,returnsfree blocksto the headof the queueandthenpo-

sitionsthe window closerto the front of the quete, just pastthe
survivors of the currentcollection. Whenit bumpsinto the allo-

cation point for the youngestobjects, it resetsthe window to the
oldestobjects.SeeStefanwiic, et al., for moredetails[15].

With pretenuringadvice, OF putsimmortal objectsin a resened

spacethat is never collected. OF allocateslong-lived objectsat

the copy point for the previous collection, which givesthemthe
longestpossibletime beforeOF will considerthemfor collection.
OF continuego putshort-lived objectsatthe headof thequeue As

with the generationatollector we usea fixed sizedheap reduced
by the spaceallocatedto immortal objects. We setthe collection
window size,g, to 0.3x heapsize.

Figure7 shavs the geoméric meanof therelative performancdor
all our benchmaks, normalizedwith respectto the OF collector
without pretenuringfor build-time, application-secific,andcom-
bined pretenuring Application-specificOF pretenuringis almost
alwaysawin, except for a numberof heapsizesaroundl1.5where
javac seesadegredationof 20%for oneheapsizeandsomebench
marksseeocassionbdegredationsashigh as10%. Thesedegreda-
tionsleadto degradationsn thegeoméric meanatarourd 1.5and
1.7. In thesecasesthe degradationsarecauseddy a significantin-
creasen the numberof collectionsmostlikely dueto overzealos
pretenuring Again, build-time pretenuringmprovesperformare,
andadditionalimprovemens from combinel pretenuringare con-
sistentandsignificant,rangingfrom 2% to 23%.
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Sincethe OF collectorvisits older objectsmoreregularly thanthe

generatioal collector thereis potentialfor betterimprovements,
andit is realizedin theseresults. However, our implementation
of the OF collectoris currently not well tuned,and doesnot in-

cludekey detailssuchasanaddres®rderwrite barrier[15]. These
dravbacks preventdirectcomparisondetweerthe performane of

the OF and generatioal collectorswith or without pretenuring.
Indeed thesecompaisonsare not pertinentto the subjectof this

work. Thekey point of this sectionis thatwe canusethe samead-

vice in this vastly differentcollectorandit improvesperformane

aswell.

6. RelatedWork

We first compareour work to previous researchon generational
garbagecollectors,objectlifetime prediction,andpretenuring We
thenrelateit to work on predictionand object segregation for C
programswith explicit allocationandfreeing.

Ungar pioneeredthe useof geneational copying garbagecollec-
tion to effect quick reclamationof the mary short-lived objectsin
Smalltalkprogramg17]. Performancetudieswith avarietyof lan-
guagesdemorstratewell tunedgenerationatollectorperformane
rangesrom 10%to 40% of thetotal executiontime [18, 20,19, 5,
16,8].

UngarandJacksoruseprofiling to identify whatwe call long-lived

objectsin a two generationcollectorfor Smalltalk[18, 19]. The

older generationin their systemis the tenured,permaneat space
andis never collected. They do not allocatedirectly into this re-

gion, but copy into it objectsthat survive a given numberof nurs-
ery collections. Their systemkeepslong-lived objectsin the nurs-

ery, repeatedlycollectingthemto keepfrom tenuringthem,which

would resultin tenuredgarbage They outlineamulti-generational
approahthatwould copy thelong-lived objectsfewertimes. They

noticeimmortal objects,but sincethosewereinsignificantin their

system they take no specialaction. We allocateimmortal objects
directly into a permanehspace.We thusnever copy immortal ob-

jects. We have the potentialnever to copy long-lived objects,but

we may.

Cheng,et al. (CHL), evaluatepretenuringand lifetime prediction
for ML programsn thecontext of ageneratioal collector[8]. Sim-

ilar to UngarandJacksonthey divide the heapinto two regions: a
fixedsizenurseryandanoldergenerationThey collectthenursery
on every collection,andboth spacesvhenthe entireheapfills up.

They generategretenuringadvicebasedon profilesof this collec-
tor, andclassifycall sitesasshort-lived or long-lived. Most objects
areshort-lved, andallocationsitesare bimodal: eitheralmostall

objectsareshort-lived,or all arelonglived. Their adviceis depen

denton their collection algorithm and the specific configuration,
whereasour pretenuringadviceis basedon two collectorneutral
statistics:ageandtime of death. We thereforecanand do useit

with differentconfigurationsof a generationatollector and with

analtogethedifferentcollector the OlderFirst collector

CHL staticallymodify thoseallocationsiteswhere80% or moreof
objectsarelong-livedto allocatedirectly into the older generation,
which is collectedlessfrequentlythan the nursery We allocate
insteadinto threeareas:the nursery the older geneation, or the
permanenspace.We never collect our permanetspace.At col-
lectiontime, their systemmustscanall pretenurebjectsbecause
they believed that the write barrier costfor storing pointersfrom
the pretenuredbjectsinto the nurserywould be prohibitive. We
insteadperformthe write barrierasneeckd,; this costis very small
in our case.The costof scannings significant[8, 15], andasthey
pointout, it reducesheeffectivenesof pretenuringn theirsystem.
We never collector scanimmortal objects,and only collectlong-
lived objectdaterwhenthey have hadtimeto die. In summaryour
pretenuringclassifications moregeneral andour collectorsmore
fully realizethe potential of pretenuring. Most importantly the
more generalmechaiism we useto gatherstatisticsand generate
adviceenableur systemto combire advicefrom differentexecu-
tions andperform build-time pretenuringwhich is not possiblein
their framework.

Harris makes dynamicpretenuringdecisionsfor Java programsin
the context of atwo generdion collectorandshawvs improvemeris
by detectinglong-lived objects[10]. Thistechniqueusessampling
basednoverflow, andthustendsto samplemorelargeobjects and
canreactto phasechangesOur schemeor build-time pretenuring
is mostsimilarto thiswork, andit achievesbetterperformarceim-
provemeris dueto lower overheal. Profiling enablesusto achieve
even betterperformarte. Our adviceis neutralwith respecto the
collector andwe shav thatwe canpredictobjectlifetime basedon
the allocationsite whereasHarris’ work doesnot investigatehow
muchcontext is neededo performprediction.

For explicit allocationanddeallocatiorin C prograns, Hansorper
forms object segyregation of short-lived and all otherobjectson a
per allocation site basiswith user specifiedobject lifetimes [9].
Barrettand Zorn extend Hansons algorithm by using profile data
to predictshort-lived objectsautomatically[4]. To achieve accu-
rateresults,their predictorusesthe dynamic call chainandobject
size,whereaswve shav Java predictiondoeswell with only the al-
location site. Subsequemnivork by Siedl and Zorn predictsshort-
lived objectswith only the call chain[14]. In thesethreestudies,
amajority of objectsareshort-lved, andthe goalis to groupthem
togetherto improve locality and thus performanceby reusingthe
samememory quickly. Barrettand Zorn's allocatordynanically
choose betweera specialareafor the short-lived objects,andthe
default heap. Becausewe attain accuratepredictionfor an allo-



cationsite, we staticallyindicatewhereto placeeachobjectin the
heapwhichis cheapethandynamicallyexaminingandhashingon
the call chainat eachallocation. Sincein their contet long-lived
is theconserative assumptionBarrettandZorn predictshort-lived
only for call chainswhere100% of the allocationsprofile to short
lived. In a garbagecollectedsystem,our conserative prediction
is insteadshort-lived. We alsodifferentiatebetweerlong-lived and
immortal objects,which they do not.

A technigle somavhat complementaryo pretenurings large ob-
jectspace(LOS)[7, 19, 11]. Oneallocatedarge objects(one ex-
ceedinga chosersizethreshold)directly into anon-mpying space,
effectively applying mark-sweegechniqueso them. This avoids
copying theseobjects,and can noticeablyimprove performance.
Our GCTkdoesnot (yet) supportLOS, sowe cannotcompae here
the relative benefitsof LOS and pretenuring SomeJVMs allo-
catelarge objectsdirectly into older spacesj.e., they usesize as
acriterionfor pretenuring.(Theseolder spacesnay alsobe mark-
sweep sothey areeffectively implementingpretenuringandLOS.)
While pretenuringarge obejctsmaybe generallyhelpful in a two-
way classificatiorsystem(a point thatrequiresfurther analysis) jt
couldbedisastrougo pretenurento ourimmortal spaceusingsize
asa criterion. Thecompress benchmarkis an exampleof this: it
allocatesanddiscarddargearrays.

7. Conclusions

This papermalkes several unique contritutions. It offers a new
mechaism for collectingand combning pretenuringadvice,and
a novel and generalizableclassificationscheme. We shav app-
lication-specificpretenuringusing profiling works well for Java.
Our persite classificationschemefor Java finds mary oppatuni-
ties to pretenureobjectsand reducescopying, garbagecollection
time, andtotal time, sometimessignificantly We are the first to
demorstratethe effectivenesof build-time pretenuringandwe do
sousingtrue advice. Becauselalap@o is written in Java for Java,
we profile it andary librarieswe chooseto include, combinethe
advice,thenbuild the JVM andlibrarieswith thatadvice,andship.
User applicationsthus can benefitfrom pretenuringwithout ary
profiling. We further shav thatthe combinationof build-time and
application-spcific pretenuringoffersthe bestimprovements.
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