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Abstract

We investigatethe problemof distributing communicat-
ing objectsacrosswide-aea environments.Our goalsare
to balanceload, minimizenetworkcommunicationanduse
resoucesefciently. However, applicationsrunningin sud
ervironmentsare oftendynamicand highly unpredictable
Furthermoe, syndironouscommunicationis usually too
expensiveo beusedin disseminatindoad information.\We
therefore investigatepoliciesthat uselocal informationto
approximate desied global behavios. Our resultswith
Java applicationsshowthat simple local appmoacesare
surprisinglyeffectivein capturingloadinformationandob-
jectrelationshipsandin makingmigration and clustering
decisionshasedon pro led information.

1. Intr oduction

Long-lived or persistentdistributed applicationsmust
be dynamically recon gurablein orderto run efciently
in metacomputingervironments. Metacomputererviron-
mentsare often characterizedy distribution, heterogene-
ity, andvarying resourcecapacities.Recon gurability can
be explicit in anapplications structure. However, this ap-
proachis unlikely to be portable andplacesalarge burden
on applicationdevelopers.A moregeneralapproachs for
the runtime systemto implementrecon gurationtranspar
ently to theapplication.

This paperpresentsa generalinquiry into the problem
of objectplacemenin suchervironments.Large-scaleob-
jectsystemswith hundredsf thousand®f communicating
objectsareconsidereda paradignthatis likely to become
increasinglycommonin the future. We focusedour exper
imentalevaluationon Java applicationtraces,yet ary test-
bed ervironmentexposing suchfeaturescould provide us
with similarinsights.

Creatinga good mappingof objectsto nodesrequires
several distinct steps. First, we mustbe able to evaluate

Peterd.Keleher
Departmentf ComputerScience
University of Maryland
CollegePark, MD 20742

keleher@cs.umd.edu

theloaddistribution of a givenmapping.This generallyre-
quiresaway of estimatingobjects'computationaheedsand
nodes'computationatapacities.Suchan evaluationmust
accountfor both parallelismandload balance.Secondwe
mustbeableto evaluateandminimizeamappings commu-
nicationcost. This problemreducego that of co-locating
communicatingobjects. Neitherparallelismmaximization
nor communicatiorminimizationcanproceedn isolation.

Objectplacementn a network of processorsuchthat
both the processorandthe network areef ciently usedis
a hardproblem. The optimal distribution of computational
andcommunicatie entitieson a network of processingel-
ements,usually referredto asthe graph-embeddingrob-
lem, is known to be NP-complete]4]. Researcherbave
taken two approacheén dealingwith this complexity [3]:
designingsub-optimaldistribution policies (but with cer
tain provenpropertiesfor fairly generaton gurations,and
using optimal policies for particularapplication/processor
con gurations. The latter approachis well-suitedfor ap-
plicationswith known behaior andwhich aredesignedo
runonspeci ¢ processocon gurations(trees grids,hyper
cubes.etc.). The rst approachs lessstudiedin the liter-
ature,and most solutionsrely on restrictionsto eitherthe
applicationsor ervironment.

This paperpresents broadinquiry into objectpro ling
schemesandpoliciesfor decidingwhenandwhereto mi-
grateor clusterobjectsin systemswith mary objects.More
speci cally, we evaluatea broadrangeof approaches the
contet of thefollowing goals:

accommodatingdynamic applications and erviron-
ments- Both the applicationsandthe setof available
processorsnay changeduringanexecution.

no relianceon a priori applicationinformation- Our
policieshave noapriori informationaboutapplication
communicatiorpatterns.

scalability- We seekto avoid bottleneckdy only con-
sideringdecentralizedlgorithms.



No previous work, to our knowledge, hastaken a similar
approachn trying to solve thegeneraHistribution problem.
Themaincontrikbution of this paperis in shaving thatall the
above requirementganbe metby employing fairly simple
decisionmaking policies, and that the implementationof
thesepoliciesin realsystemss feasible.

2. The simulation framework

The main actorsof the simulationare objectsanda set
of connectegbrocessorsnwhich objectsexecute. Thepro-
cessorcon gurationandthenetwork topologyarespeci ed
in anervironmentcon guration le.

Timeis dividedinto discreteticks. Eachtick is simulated
by performinga tick's worth of work on eachnodein the
systemin round-robinorder A simplelanguageallows net-
work topologycustomizationilinks betweerprocessocan
be added,removed or their lateny changed. Our default
network topologyis a switch, with contentionmodeledon
destinatiorinks. We alsoinvestigatetheimpactof abroad-
castinterconnectwith contentiormodeledn all phases.

The costto senda messagdetweenprocessorp; and
p2 is givenby:

cost= LOSt+ lat(py;p2) +
speedps) o

0s_cost

speedpy) )

wherelat(p; p2) is the link lateng from p; to p,. The
rst andlasttermsareintendedto model middlevare and
operatingsystemoccupanyg. The costof sendinga local
messagés always1l. An invocationmessagenay trigger
the migration of the senderobject, andin suchcaseswe
scalecost by a constanfactor

2.1.The object model

Our object model includes three basic assumptions.

First, we assumeglobally-uniqueobjectidenti ers. Sec-
ond, we assumehat every objectcan be executedon ary
processarFinally, all of our objectsareactive[1], i.e. they
eachhave anassociatedbcal thread.

Eachobjectperformsa sequenc®f alternatingcompu-
tationalandcommunicatiorphasesA computationaphase
only speci es the length of the computation,whereasa
communicatiorphasdanvolvesalocal or remoteobject. By
default, sendsare asynchronoun thatthe local threadis
allowedto proceedmmediatelyafterthemessagés copied
into a systemcommunicatiorbuffer. The effectsof blodk-
ing sendsare discussedaswell. Receving messagess a
blockingoperation.

SincetheJava objectmodelis differentthantheoneused
by the simulator part of preparingan applicationtraceis
mappingbetweenrthe two models. This is doneaccording

to thefollowing invariant: a simulatorobjectthreadwill ex-
ecuteall theinstructionsexecutedn the contet of the cor
respondinglava objectby ary Javathread,andonly those.

2.2.Application Traces

Theinputdatato the simulatorareapplicationtracesob-
tainedby runningvariousapplicationson an instrumented
Java Virtual Machinel.2.2. Thefollowing eventsarerele-
vantfor anobjecttracerecord:computgrecordsheamount
of computationperformedon behalf of the object), send
(consistsof the object identi er of the invoked object),
receive(recordsthe objectidenti er of the invoker), new
(speci estheidenti er of thenewly createdbject).

A computeeventtakesa numberof clock ticks equalto
the speci edamountof computatiordivided by the execut-
ing processos speed.All othereventstake oneclock tick
to executeon ary processor

2.3.Applications and processorcon gurations

We usedsix applicationsvhich we believe arerepresen-
tative for the Java ervironment. Following is a shortde-
scriptionof theapplicationsuite.

Ajmark Is the IMark 2.0 benchmarkfor Java virtual ma-
chines.

Aciite €-Liteis amulti-threadednternetbrowserfrom the
ICE Browserfamily.

A seqeconc  Denotesa mixture of mathematicahlgorithms,
eachimplementedusingthe fork-join paralleldecom-
positionparadign[10].

Aparconc  Sameas above but with the individual algo-
rithmslaunchedn parallelasJavathreads.

Avchat IS the sener side of the VolanoMark2.1 bench-
mark.

Avmark Denotesthe multi-client side of the VolanoMark
2.1benchmark.

Someof the applicationsare highly communicatie while
othersexhibit amorecomputationabehaior. Tablel gives
aquantitatve overview of thisaspectWe shav thenumber
of objectscreatedduring the run (Objects),the total num-
ber of eventsover all objects(E), the amountof computa-
tion performedby the application(C), andthe numberof
messageeaxchangedy its objects(M).

Table 2 shaws the processorcon guration parameters
usedin our experiments.Max spdis the maximalspeedup
by usingall processorsverthe rst processom thelot.



Table 1. Application parameters. Large num-
bers are rounded.

| App [ Objects [ E[10°] | C[10°] | M [10°] |
Aj mar k 524 256 61 2;600 15
Aclite 1:043 580 38 540 9
Aseqconc 1,336 873 23 8;500 5
Apar cone || 1,337,260 23 8;500 5
Avchat 65; 832 98 660 24
Avmar k 433906 46 475 11

Table 2. Processor con gurations.

| Proc || Noprocs| Maxspd |  Applications |
P13 13 12 Aj mar k; Aelite
P13 13 12 Avchat ; Avmar k
P30 30 30 Aseqconq , Apar conc

3. Algorithms and policies

Object-placemenglgorithmsneedto addresshreeis-
sues:parallelismJoad balanceandcommunicationThere
arethreesituationsin which objectplacemengpoliciesare
invoked. First, we evaluatethe target of eachmessageasa
potentialnew hostfor themessagea'source If themigration
is deemedacceptablethe sourceobjectmovesto thetamget
prior to sendingthe message.Second entire underloaded
machinesare candidatedor eviction, and overloadedma-
chinesarecandidateso be split amongmultiple machines.
Finally, we considemplacemenbdbf new objects.

We dividetheoverall probleminto seseralsub-problems,
as follows: load estimation,load information dissemina-
tion, tamgetsuitability with respecto communicationtarget
suitability with respectto load balanceand nally, object
placemenandclustering.

3.1.Estimating processorioads

Load estimatesare usedfor determiningwhetherindi-
vidual migrationsupon methodinvocationare acceptable,
for determiningwhento “evict” objectsin groupfrom un-
derloadedor overloadedhosts,andfor determininginitial
object placement. The following are the threebasicload
measuresisedin this paper:

Lres Thenumberof residenbbjectsdividedby theproces-
sorspeed.

Lreasy Thenumberof ready unblocledobjects.

Loof Dene tgomp as the numberof ticks that objecto
hasspentcomputing. De ne t3,,,,, asthesumof all
clock ticks thato hasspentbetweerbeingblocked on
recevesandthe subsequerdrrival of messagefor o.
Let Teomp andTeomm begivenby

1 X
Tcomp = Ssour ce tgomp (2)
Star get D
X
Teomm = tComm 3
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wheresgorce IS the speedof the processowherethe
datais pro led, ands get is thespeedf theprocessor
which usesthe collecteddata. Furthermorelet | be
givenby

Tcomp 4)

I = nob S —
|
Tcomp + Tcomm

wherengy; is the numberobjectsresidingon the pro-
cessor Finally, we expressthe processotoad asfol-
lows:

Lorof = I'%; :< i (5)
We saythatthe machineis overloadedif L of > 1,
andunderloadedf L of < O. If themachineis over
loaded L, or givesthenumberof processorsvith the
samespeedhatcouldef ciently executenoy; objects.
If the machineis underloadedhe absolutevalue of
Lorof giveshow mary times more objectsthan ngp;
the processomwould needin order to be efciently
used.

We implementedwo variantsof thispro ling method:

L,?, of Maintains counts for each object instance,

wheread [ sharescountsacrossall objectson the

sameprocessar
3.2.Disseminatingprocessoioads

Load information is only useful once disseminatedo
otherprocessorsWe evaluatedthe following alternatves:

Doracle Theoracleapproactassumeshatevery processor
hasinstantaneouandcurrentaccesso thelocal load
estimationof every otherprocessar

Dapp end This approachappendsall local information
aboutprocessoloadsto outgoingmessagedn acom-
municatie systemthis approachdisseminatesurrent
load estimatedo all nodeswith little latengy. A few
variantsof D append have beenexamined.



3.3. Target suitability with respectto communica-
tion

The decisionof whetherto migratean objectto another
hostrequiresdeterminingwhetherthe prospectre targetis
a better hostthan the currentone. This questionshould
ideally be answeredrom a global perspectie, consider
ing the effect of the migration on overall applicationexe-
cutiontime andnetwork utilization. However, we constrain
ourdecisionpoliciesto operatdn thelocal domainbecause
global synchronizations expensve in large-scalesystems.
We only considemobjectsreferencedrom the currentobject
(the migrationcandidate)andtheir respectie hostproces-
sors.

Letr; (i) bethenumberof invocationsby objectj onob-
jecti. We denoteobjecti beingresidenionnodep asi 2 p,
andretrieve i's hostprocessomsh(i). For aninvocation
from objects to tamgett, we investicatethe following poli-
cies( is anadditive constantusedto handlepathological
conditions):

M nomig  No migrationis allowed.

Mob; Migratesthe sourceif the mostinvoked reference
happendo bethe currenttamgetobject.

rs(t) + rg(i) foralli 6 t (6)

M a1 Migratesthe sourceif the currenttamget objecthas
beeninvokedmorethanall otherobjects cumulatively.
X

rs(  +  rs(i) )

i6t

M igea Migratesthe sourceif the cumulative invocations
to objectsresidingon the target processolis greater
thanthe cumulatve invocationsto objectsresidingon

all otherprocessors.

X
rs(i) (8)

rs(i) +
i2het jed(t)

M ypest Migratesthesourcef thecumulatveinvocationgo
objectsresidingon thetamgetprocessors greaterthan
the cumulative invocationsto objectsresidingon each

of theotherprocessors.

X X
rs()  +  rs(j)
i2ht) j2p

forallp 6 h(t) (9)

Myper Migratesthesourcdf thecumulatveinvocationgo
objectsresidingon thetargetprocessois greaterthan
the cumulative invocationsto objectsresidingon the
sourceprocessar

X
rs(i) +
i2ht)

rs(j)
j2h(s)

(10)

M aw ays Alwaysmigrateson invocations.

3.4.Targetsuitability with respectto load balance

Theabove policiesmigrateobjectsonly if doingsodoes
not violate load balanceinvariants. We distinguishfour
casedor potentialmigrations.Let |5 andl; denoteproces-
sorloadestimation®f the sourceandtamet. Then:

Is 0~ Iy < 0: Migrationoccurs.

s < 0”1l 0 Migrationdoesnotoccur

s O~ Iy 0 Neithermachineis underloaded We mi-
gratetheinvoker only if additionalconditionsregard-
ing the load ratio of the sourceandtarget processors
aremet.

s < 0~ Iy < 0: Both processorare underloadecand mi-
grationis questionabléecausesitheror both proces-
sorsmight be evictedin the nearfuture. We favor the
fasterprocessom this case.

3.5.1nitial object placement

Theinitial objectof anapplicationis alwayscreatedon
processorero. Otherobjectsare createdaccordingto one
of thefollowing policies:

Hcreator Newly createdobjectsare placedon the same
hostasthecreator

Heast Newly createdbjectsareplacedontheleastoaded
processar

Hnree As above, but the leastloadedprocessois chosen
giventhefollowing priorities: underloadegbrocessors,
used(but not underloadedprocessorsand free pro-
cessors.

3.6. Object clustering and eviction from under-
loadedor overloadedhosts

The eviction mechanisnmigratesobjectsin groups,ei-
ther becausdahe hostprocessomustbe abandonediueto
inef ciency, or becaus¢hehostprocessois overloadedand
someof its load mustbe transferredo someotherproces-
sor.

underloadedprocessos - We identify underloaded
processordyy pro ling the averagefraction of lost
quantaduringsomepastperiodor by usingL , of . All
the objectsresidingon an underloadednachinehave
to be expelled. For eachobject,we selectthe machine
with thegreatesafnity (de ned by Mpest) andmaove
theobjectto thatprocessar



overloadedorocessas- Weusel ;o toidentify over
loadedprocessors;omputethe numberof objectsthat
have to be evicted, anddeterminethe speedof thetar
get processar The tamget processois chosento be a
free processomwhosespeeddoesnot exceedthe value
thuscomputed.

Obijectsto be evicted are selectecbasedon a cluster
ing policy: two partitionsare createdover the setof
all objects,andoneof themis movedin groupon the
targetprocessorWe experimentedvith two clustering
heuristics bothapproximation®f the minimal cut.

Processorare checled periodicallyfor anunderloadingor
overloadingcondition. Thesechecksare more expensve
than checksfor single-objectmigration, yet they are per
formedmuchlessfrequently

4. Experimental evaluation

We performeda numberof experimentgo assesshein-
dividual contributionsof thevariouspolicies.All testswere
performedn thesimulatedervironmentpresenteatthebe-
ginningof thepaperusingJava applicationtracescollected
apriori.

Themetricusedto evaluatea policy con gurationis the
speeduprelative to the speedupof alternatve con gura-
tions, or to the maximal speeduptheoreticallyachiezable
onthegivenarchitecturgseeTable?2).

4.1.Load estimation

We evaluateload estimationmethodsin termsof initial
objectplacemenpolicies. As long asobjectcreationrates
do not dramatically drop belowv object destructionrates,
load imbalanceis a goodindicator of the actualgoodness
of aloadestimationpolicy.

The numberof residentobjects,L .5, performswell.
This agreeswith the resultsof other studies,who suggest
thatsimplecountsof active processegprovide the bestesti-
mategd5]. Infact,L s performscloseto optimal (10:5=12)
when applicationsexhibit the necessarydegree of paral-
lelism (Aseqconc @NdApar cone Tun on P1g).

Onthe otherhand,the numberof readyobjects L ; eagy ,
performspoorly. We arguethatthis policy is not areliable
methodof load estimation. The reasonis thata combina-
tion of computationally-intense objectsanddiffering ma-
chinespeedsanresultin poor performancewith this met-
ric. Choosinghighly communicatie applicationsor rela-
tively uniformexecutionervironmentsgivesL  eaqy abetter
chancefor estimatingthe actualload. In our case.L rcady
performsworst for Asegconc @Nd Apar conc » DOth of which
arecomputationallyintense(seeTablel).

TheL o metricsleadto poorperformancelueto their
inability to collect enoughdataaboutthe behaior of ob-
jects by the time most of the objectsare created. This is
very apparenfor Aychat @ndAymar k, Wheremostobjects
have beencreatedbeforeadequat@ro ling informationhas
beencollected(seeFigure 2). For this reasonwe do not
employ Lot policies as direct load estimators. Instead,
we usethemto estimateprocessooverloading.Lp, c per

formsslightly worsethanL Sr ot Insomeof thecasesbuton

theaverageit provesto beagoodapproximatiorof L,?rof .

The quality of load estimatorsis critical to good load
balancingschemesWe contrastedur policieswith anal-
gorithmthatis blind to processomorkload, and performs
a randominitial placemenbf newly createdobjects. The
degradationin performancevariesfrom 1=2 to asmuchas

1=4 in somecases.
4.2.Load dissemination

We experimentallycomparedhetwo approachefor dis-
seminatingload informationwith a variety of policy con-
gurations. In all teststhe performancef D append is re-
markablycloseto thatwith perfect,global knowvledge. In
fact,sometimest outperformedheoracleapproachandin
one caseit did so by 30% Thereis thereforeampleop-
portunity to spreadnformationtransitively, andthis is true
regardlessof whetherthe applicationis relatively more or
lessdynamic.

It appearghat immediateknowledge of actualload is
lessbene cialthan nding processoftoadswith aslightin-
ertia. We attribute this effect to the locality of reference
principlefrom anobjectcreation/ communicatiorperspec-
tive: relatedobjects,asgiven by communicatiorpatterns,
tendto be createdcloselyin time. Knowing the exactload
couldhurtperformanceasnewly createdbjectswill bedis-
tributed on differentprocessors On the otherhand,slight
delayswill allow theseobjectsto be placedon the same
processqrand help towardscommunicatiorminimization.
This side effect is lessapparentfor Aychat and Aymar k
which have larger messages/objecatios and more appar
entfor Asegconc @NdA par conc -

To verify this claimwe repeatedll disseminatiorexper
imentswith load disseminatiordisabledat objectcreation
time. With afew exceptionswe indeedobtainedadditional
performancémprovements.

4.3. Target suitability with respectto communica-
tion and load balance

We investicate the policies usedto evaluatetargetsin
termsof communicatiorsuitability andload balance.

Unlike load estimation,complex policiesfor migration
buy extra performanceémprovementover simplerones.Ex-



cessiely greedypolicieslike Moy, andM g have a better
ratio of local to network messagebut incur too mary mi-

grations.Overall performances thushurtdueto additional
migration costs. In the extremeis M aways Which gener

atesan order of magnitudemore migrationsand paysthe
higherprice. Our currentmigrationcostis very consera-
tive. Larger migrationcostswould disproportionatelyhurt
the performancef this approach.

The otherpolicies,Migeal , Mpett aNdM pest, Which try
to captureobject-processaandnot object-objeciaf nities,
perform better with M performingbestin a majority
of cases. Myt managedo improve performanceup to
2:5 timesover a non-migrationsettingwith Aj mar «, but no
morethan 1:3 with all otherapplications.We believe this
is so becausehe iteratve natureof Ajmar k de nes more
clearly communicatiorpatternghanary otherapplication.
Obijectrelationshipsarehardto infer sincemostof the ob-
jectsarevery shortlived andthey aregoneby thetime rel-
evantdatahasbeenpro led.

We restrictmigrationsin trying to presere loadbalance.
For instancewe arenot willing to migratefrom an under
loadedprocessoto an overloadedone. We experimented
with differentcombinationf acceptabldéoadratio for the
sourceandtarmget processorlnd found that performances
relatively insensitve to this aspect. The break-@en point
betweenallowing more migrationsor preservingthe load
balanceis not clearly de ned for the applicationsconsid-
ered.

4.4.0bject eviction and clustering

Theapproachedescribedn previoussectiondistribute
load over all available processors Whenall nodescanbe
ef ciently usedjnitial objectplacementombinedwith one
of the migrationpoliciescanyield the expectedresults. A
more enlightenedpolicy might dynamicallychooseto use
only thosenodesthatcanbe exploitedef ciently .

This sectioninvestigatestechniqueshatdetectandelim-
inate both underloadedndoverloadedrocessorsUnder
loadedprocessorarereleasedy evicting all objects.Over-
loadedprocessorarede-populatedby migratingobjectsto
othernodes.Objectclusteringbasecdbn pro led datais per
formedin bothcases.

With eviction we intend to model the numberof used
computationahodesafter the applications degreeof par
allelism, and achieve load balanceat the sametime. Ob-
ject distribution as given by initial objectplacement,ne-
grainedobjectmigration, and object clusteringwill hope-
fully reducecommunicatiorconstraintandhelpexploit in-
herentapplicationparallelism.Figure 1 shaws typical per
formanceindicesof eviction combinedwith migrationand
clusteringfor thetestsuite.

Combiningobjectclusteringwith migrationdoesin most

of the casesfurther improve performanceover eviction
alone,mostnoticeablythe caseof Aseqconc aNdA par conc -
Spectaculaimprovementsbasedon online pro ling of ob-
jectcommunicatiorarenotto beexpectedsincemostof the
objectsin atypical Java applicationdie young[12], before
relevantclusteringnformationcanbecollected.Exceptions
arerelatively staticapplicationsandAymar « IS oneof them
(seeFigure2). Indeedfor Aj mar kK Migrationandclustering
canyield upto 75%improvementover eviction alone.

Parallelism is dependentupon synchronizationcon-
straintsandthe numberof objectsin the system Pro les of
the numberof objectsandusedprocessor$or two applica-
tionsareshowvn in Figure2. Thenumberof usedprocessors
adaptsquite well to the growing andshrinkingof dynamic
applicationsandstabilizeswith staticapplications.

Throughoutthe experimentswe usedLgr o to detect
overloadedprocessors Similar resultswere obtainedwith
Lgr of » we focusedon theformersinceit is moreappealing
from animplementatiorpoint of view. A hostwasconsid-
eredto be underloadedf it wasin theidle statefor more
than33% of somepastintenal.

4.5.Varying processorspeed

In metacomputingrvironmentsesourcegreoftennon-
dedicated.A runtime systemsimilar to ours may have to
contendwith otherprocessefor resourcesWe modelcon-
tention by changingthe effective processorspeedduring
applicationexecution. Due to the pro ling natureof our
policiesno noticeabledegradationin performancéiasbeen
obsenredthroughouthetests.

5. Relatedwork

Thereis alarge body of researcton distributedsystems
basedon objector componenmodels. We concentraten
the ability of systemgo supportautomaticobjectdistribu-
tion.

Legion [6] is a metacomputeprojectdesignedo sup-
portwide-arealistributedcomputing basedn earlierwork
on the Mentat object system. Ratherthan implement-
ing system-widepolicies, Legion provides a framewvork
through which programmerscan supply custom object-
placemenpolicies.

SOSJ[11] is an object-orientedperatingsystembased
onfragmentedbjects— eachobjectconsistf a provider
andpossiblymultiple proxies.The systemdoesnotinclude
automaticmigration mechanismsbput custompolicies for
communicatiorminimization canbe speci ed by de ning
communicatiorprotocolsbetweerproxiesandcorrespond-
ing providers.

Emerald[2] is an object-orientedsystem(compilerand
run-timesystemwith supportfor ne-grain, medium-grain
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Figure 1. Example of speedups with diff erent combinations of eviction (E), clustering (C), and migra-

tion (M) policies, for two types of networks.
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Figure 2. Number of objects as an indication of application parallelism for two applications.

depicted case E from the gure above.

and large-grainobjects. Distribution is de ned at the lan-
guagelevel, and allows the programmetto control the lo-
cationof objectsthroughlanguageoperatorg9]. However,
Emeralddoesnotincludeautomatianigrationmechanisms;
the runtime-systendistributesobjectsonly asdirectedby
applications.

Globe[13] is speci cally aimedat wide-areadistributed

We

applicationsObjectsin Globearesimilarto thefragmented
objectsfoundin SOSandlocationtransparengis provided
by the system.lt is too earlyto tell whetherandhow Globe
will featureautomatiadistribution mechanisms.

The Coign systemautomaticallypartitionsexisting ap-
plicationsbuilt usingMicrosoft's COM standard7]. The
Coign approachdiffers substantiallyfrom oursin that it



assumestatic ervironmentsand an off-line training stage
prior to the actualrunningof theapplication.

6. Discussionand Conclusions

This paperhas presenteda simulation-basedtudy of
several approacheso mappingcommunicatie objectsto
nodesn awide-areasystem.Thecentralthemeof our study
is investicatingthe ef cacy of simple,local policieswhose
overheaddoesnot scalewith the numberof objectsin the
system.

Our studyrevealeda numberof interestingtrends. For
example themostsophisticatedbadestimatiorpoliciesdid
not performwell becauséhey took too long to accumulate
state.Instead the bestpolicieswere simple countsof resi-
dentobjects.If thereis alessorto belearnedijt is thatcom-
plicatedmeasurebave morepathologicataseshansimple
measuresanda few pathologicalcasessandominateover-
all performance.

Secondappendingncrementaloadinformationto out-
going messageperformedat leastas well as an oracu-
lar approachthat propagtedall currentload estimatesn-
stantly andwith zero cost. We found that perfectup-to-
date information may hurt performancebecauseof “de-
siredside effects” that manifestdueto disseminatioriner-
tia. Furthermorewe learnedthat for systemssupporting
ne-grained patternswith complex communicatiorbeha-
ior, piggy-bacled information quickly disseminatesnfor-
mationacrosghesystem.

Third, communication-basealigrationdecisionssignif-
icantly improve if we employ more comple discrimina-
torsbasedn object-processaf nity asopposedo object-
objectaf nity . Thisplacesapremiumonmethodghatstrive
to accuratehapproximatehisinformationin largedynamic
systems.

Fourth, object behaior proling based on block-
ing/readytime is a successfutandidatan estimatingpro-
cessomnderloadingand overloadingconditions. An evic-
tion mechanisntanautomaticallygrabandreleaseproces-
sorsbasedon applicationneedsthusef ciently usingonly
as mary resourcesas required. Combiningeviction with
migrationandobjectclusteringcanachiese further perfor
manceimprovementsy reducinginterprocessotraf c and
synchronization.

Finally, we shaved thata combinationof simple,cheap
approacheo eachof theseareascanresultin performance
nearlyasgoodasthebestapproachesncludingthosebased
on oracularinformation.

There is more than one direction in which our work
could be extended.First, the objectmodelcanbe enriched
by adding supportfor passie objects,read-onlyobjects,
sharedbobjects,stationaryobjectsandhard-links,which are
ameanf specifyingthata groupof objectsshouldalways

be co-located.The key questionis how canwe exploit the
characteristicef eachnew objectclassin orderto develop
betterdistribution policies.

Second,investigating more heuristicsbasedon cluster
analysig8] mightreveal surprisingresultsbothin the con-
text of eviction aswell asobjectclustermigrationat invo-
cation,afeaturewe have notimplementedyet.

Finally, implementatiorof thesetechniquesn arealsys-
tem would provide us with more accuratefeedbackas to
their performance.
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