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Abstract

We investigatethe problemof distributing communicat-
ing objectsacrosswide-area environments.Our goalsare
to balanceload,minimizenetworkcommunication,anduse
resourcesef�ciently. However, applicationsrunningin such
environmentsare oftendynamicand highly unpredictable.
Furthermore, synchronouscommunicationis usually too
expensiveto beusedin disseminatingload information.We
therefore investigatepoliciesthat uselocal informationto
approximatedesired global behaviors. Our resultswith
Java applicationsshowthat simple, local approachesare
surprisinglyeffectivein capturingloadinformationandob-
ject relationships,and in makingmigration and clustering
decisionsbasedonpro�led information.

1. Intr oduction

Long-lived or persistentdistributed applicationsmust
be dynamically recon�gurable in order to run ef�ciently
in metacomputingenvironments. Metacomputerenviron-
mentsareoften characterizedby distribution, heterogene-
ity, andvarying resourcecapacities.Recon�gurability can
be explicit in an application's structure.However, this ap-
proachis unlikely to beportable,andplacesa largeburden
on applicationdevelopers.A moregeneralapproachis for
the runtimesystemto implementrecon�gurationtranspar-
ently to theapplication.

This paperpresentsa generalinquiry into the problem
of objectplacementin suchenvironments.Large-scaleob-
ject systemswith hundredsof thousandsof communicating
objectsareconsidered,a paradigmthat is likely to become
increasinglycommonin thefuture. We focusedour exper-
imentalevaluationon Java applicationtraces,yet any test-
bedenvironmentexposingsuchfeaturescould provide us
with similar insights.

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

theloaddistribution of a givenmapping.This generallyre-
quiresawayof estimatingobjects'computationalneedsand
nodes'computationalcapacities.Suchan evaluationmust
accountfor bothparallelismandloadbalance.Second,we
mustbeableto evaluateandminimizeamapping'scommu-
nicationcost. This problemreducesto that of co-locating
communicatingobjects. Neitherparallelismmaximization
norcommunicationminimizationcanproceedin isolation.

Objectplacementin a network of processorssuchthat
both the processorsandthe network areef�ciently usedis
a hardproblem.Theoptimaldistribution of computational
andcommunicative entitieson a network of processingel-
ements,usually referredto as the graph-embeddingprob-
lem, is known to be NP-complete[4]. Researchershave
taken two approachesin dealingwith this complexity [3]:
designingsub-optimaldistribution policies (but with cer-
tainprovenproperties)for fairly generalcon�gurations,and
using optimal policies for particularapplication/processor
con�gurations. The latter approachis well-suitedfor ap-
plicationswith known behavior andwhich aredesignedto
runonspeci�c processorcon�gurations(trees,grids,hyper-
cubes,etc.). The �rst approachis lessstudiedin the liter-
ature,andmostsolutionsrely on restrictionsto either the
applicationsor environment.

This paperpresentsa broadinquiry into objectpro�ling
schemes,andpoliciesfor decidingwhenandwhereto mi-
grateor clusterobjectsin systemswith many objects.More
speci�cally, weevaluateabroadrangeof approachesin the
context of thefollowing goals:

� accommodatingdynamic applications and environ-
ments- Both the applicationsandthe setof available
processorsmaychangeduringanexecution.

� no relianceon a priori applicationinformation- Our
policieshavenoapriori informationaboutapplication
communicationpatterns.

� scalability- Weseekto avoid bottlenecksby only con-
sideringdecentralizedalgorithms.



No previous work, to our knowledge,hastaken a similar
approachin trying to solvethegeneraldistributionproblem.
Themaincontributionof thispaperis in showing thatall the
above requirementscanbemetby employing fairly simple
decisionmaking policies, and that the implementationof
thesepoliciesin realsystemsis feasible.

2. The simulation framework

The main actorsof the simulationareobjectsanda set
of connectedprocessorsonwhichobjectsexecute.Thepro-
cessorcon�gurationandthenetwork topologyarespeci�ed
in anenvironmentcon�guration�le.

Timeis dividedinto discreteticks. Eachtick is simulated
by performinga tick's worth of work on eachnodein the
systemin round-robinorder. A simplelanguageallowsnet-
work topologycustomization:links betweenprocessorcan
be added,removed or their latency changed.Our default
network topologyis a switch,with contentionmodeledon
destinationlinks. Wealsoinvestigatetheimpactof abroad-
castinterconnect,with contentionmodeledin all phases.

The cost to senda messagebetweenprocessorsp1 and
p2 is givenby:

cost =
os cost

speed(p1)
+ lat (p1 ; p2 ) +

os cost
speed(p2)

(1)

wherelat(p1; p2) is the link latency from p1 to p2. The
�rst andlast termsare intendedto modelmiddlewareand
operatingsystemoccupancy. The cost of sendinga local
messageis always1. An invocationmessagemay trigger
the migration of the senderobject, and in suchcaseswe
scalecost by aconstantfactor.

2.1.The object model

Our object model includes three basic assumptions.
First, we assumeglobally-uniqueobject identi�ers. Sec-
ond, we assumethat every objectcanbe executedon any
processor. Finally, all of our objectsareactive[1], i.e. they
eachhave anassociatedlocal thread.

Eachobjectperformsa sequenceof alternatingcompu-
tationalandcommunicationphases.A computationalphase
only speci�es the length of the computation,whereasa
communicationphaseinvolvesa localor remoteobject.By
default, sendsareasynchronousin that the local threadis
allowedto proceedimmediatelyafterthemessageis copied
into a systemcommunicationbuffer. Theeffectsof block-
ing sendsarediscussedaswell. Receiving messagesis a
blockingoperation.

SincetheJavaobjectmodelis differentthantheoneused
by the simulator, part of preparingan applicationtraceis
mappingbetweenthe two models.This is doneaccording

to thefollowing invariant:asimulatorobjectthreadwill ex-
ecuteall theinstructionsexecutedin thecontext of thecor-
respondingJavaobjectby any Java thread,andonly those.

2.2.Application Traces

Theinputdatato thesimulatorareapplicationtracesob-
tainedby runningvariousapplicationson an instrumented
Java Virtual Machine1.2.2. The following eventsarerele-
vantfor anobjecttracerecord:compute(recordstheamount
of computationperformedon behalf of the object), send
(consistsof the object identi�er of the invoked object),
receive(recordsthe object identi�er of the invoker), new
(speci�estheidenti�er of thenewly createdobject).

A computeevent takesa numberof clock ticks equalto
thespeci�edamountof computationdividedby theexecut-
ing processor's speed.All othereventstake oneclock tick
to executeonany processor.

2.3.Applications and processorcon�gurations

Weusedsix applicationswhichwebelievearerepresen-
tative for the Java environment. Following is a short de-
scriptionof theapplicationsuite.

A jmark Is the JMark 2.0 benchmarkfor Java virtual ma-
chines.

A elite e-Lite is a multi-threadedinternetbrowserfrom the
ICE Browserfamily.

A seqconc Denotesa mixture of mathematicalalgorithms,
eachimplementedusingthefork-join paralleldecom-
positionparadigm[10].

A parconc Sameas above but with the individual algo-
rithmslaunchedin parallelasJava threads.

A v chat Is the server side of the VolanoMark2.1 bench-
mark.

A vmark Denotesthe multi-client sideof the VolanoMark
2.1benchmark.

Someof the applicationsarehighly communicative while
othersexhibit amorecomputationalbehavior. Table1 gives
aquantitativeoverview of thisaspect.Weshow thenumber
of objectscreatedduring the run (Objects),the total num-
ber of eventsover all objects(E), the amountof computa-
tion performedby the application(C), and the numberof
messagesexchangedby its objects(M).

Table 2 shows the processorcon�guration parameters
usedin our experiments.Max spdis themaximalspeedup
by usingall processorsover the�rst processorin thelot.



Table 1. Application parameter s. Large num­
bers are rounded.

App Objects E [106] C [106] M [106]
A j mar k 524; 256 61 2; 600 15
Ael ite 1; 043; 580 38 540 9

Aseqconc 1; 336; 873 23 8; 500 5
Apar conc 1; 337; 260 23 8; 500 5
Avchat 65; 832 98 660 24
Avmar k 433; 906 46 475 11

Table 2. Processor con�gurations.
Proc No procs Max spd Applications
P13 13 12 A j mar k ; Ael ite

P13 13 12 Avchat ; Avmar k

P30 30 30 Aseqconq ; Apar conc

3. Algorithms and policies

Object-placementalgorithmsneedto addressthree is-
sues:parallelism,loadbalance,andcommunication.There
arethreesituationsin which objectplacementpoliciesare
invoked. First, we evaluatethetargetof eachmessageasa
potentialnew hostfor themessage'ssource.If themigration
is deemedacceptable,thesourceobjectmovesto thetarget
prior to sendingthe message.Second,entireunderloaded
machinesarecandidatesfor eviction, andoverloadedma-
chinesarecandidatesto besplit amongmultiple machines.
Finally, weconsiderplacementof new objects.

Wedividetheoverallprobleminto severalsub-problems,
as follows: load estimation,load information dissemina-
tion, targetsuitabilitywith respectto communication,target
suitability with respectto load balanceand �nally , object
placementandclustering.

3.1.Estimating processorloads

Load estimatesare usedfor determiningwhetherindi-
vidual migrationsuponmethodinvocationareacceptable,
for determiningwhento “evict” objectsin groupfrom un-
derloadedor overloadedhosts,andfor determininginitial
object placement.The following are the threebasicload
measuresusedin thispaper:

L res Thenumberof residentobjectsdividedby theproces-
sorspeed.

L ready Thenumberof ready, unblockedobjects.

L prof De�ne to
comp as the numberof ticks that object o

hasspentcomputing.De�ne to
comm asthesumof all

clock ticks thato hasspentbetweenbeingblockedon
receivesandthesubsequentarrival of messagesfor o.
Let Tcomp andTcomm begivenby

Tcomp =
1

star get
�

X

o2 p

ssour ce � to
comp (2)

Tcomm =
X

o2 p

to
comm (3)

wheressour ce is the speedof the processorwherethe
dataispro�led, andstar get is thespeedof theprocessor
which usesthe collecteddata. Furthermorelet l be
givenby

l = nobj �
Tcomp

Tcomp + Tcomm
(4)

wherenobj is thenumberobjectsresidingon thepro-
cessor. Finally, we expressthe processorload asfol-
lows:

L pr of =
�

l ; l � 1
� 1

l ; l < 1
(5)

We saythat themachineis overloadedif L pr of > 1,
andunderloadedif L pr of < 0. If themachineis over-
loaded,L pr of givesthenumberof processorswith the
samespeedthatcouldef�ciently executenobj objects.
If the machineis underloadedthe absolutevalue of
L pr of giveshow many timesmoreobjectsthannobj

the processorwould need in order to be ef�ciently
used.

Weimplementedtwo variantsof thispro�ling method:
L O

pr of maintains counts for each object instance,
whereasL P

pr of sharescountsacrossall objectson the
sameprocessor.

3.2.Disseminatingprocessorloads

Load information is only useful once disseminatedto
otherprocessors.Weevaluatedthefollowing alternatives:

D oracle Theoracleapproachassumesthateveryprocessor
hasinstantaneousandcurrentaccessto the local load
estimationof everyotherprocessor.

D app end This approachappendsall local information
aboutprocessorloadsto outgoingmessages.In acom-
municativesystem,thisapproachdisseminatescurrent
load estimatesto all nodeswith little latency. A few
variantsof Dappend have beenexamined.



3.3. Target suitability with respectto communica­
tion

Thedecisionof whetherto migrateanobjectto another
hostrequiresdeterminingwhethertheprospective target is
a better host than the currentone. This questionshould
ideally be answeredfrom a global perspective, consider-
ing the effect of the migrationon overall applicationexe-
cutiontimeandnetwork utilization. However, weconstrain
ourdecisionpoliciesto operatein thelocaldomainbecause
globalsynchronizationis expensive in large-scalesystems.
Weonly considerobjectsreferencedfrom thecurrentobject
(themigrationcandidate),andtheir respective hostproces-
sors.

Let r j (i ) bethenumberof invocationsby objectj onob-
ject i . Wedenoteobjecti beingresidentonnodep asi 2 p,
and retrieve i 's hostprocessorash(i ). For an invocation
from objects to target t, we investigatethefollowing poli-
cies(� is an additive constantusedto handlepathological
conditions):

M nomig No migrationis allowed.

M ob j Migratesthe sourceif the most invoked reference
happensto bethecurrenttargetobject.

r s(t) � � + r s(i ) for all i 6= t (6)

M all Migratesthe sourceif the currenttarget object has
beeninvokedmorethanall otherobjects,cumulatively.

r s(t) � � +
X

i 6= t

r s(i ) (7)

M ideal Migratesthe sourceif the cumulative invocations
to objectsresidingon the target processoris greater
thanthecumulative invocationsto objectsresidingon
all otherprocessors.

X

i 2 h( t )

r s(i ) � � +
X

j 62h( t )

r s(j ) (8)

M b est Migratesthesourceif thecumulativeinvocationsto
objectsresidingon thetargetprocessoris greaterthan
thecumulative invocationsto objectsresidingon each
of theotherprocessors.

X

i 2 h( t )

r s(i ) � � +
X

j 2 p

r s(j ) for all p 6= h(t) (9)

M b ett Migratesthesourceif thecumulativeinvocationsto
objectsresidingon thetargetprocessoris greaterthan
the cumulative invocationsto objectsresidingon the
sourceprocessor.

X

i 2 h( t )

r s(i ) � � +
X

j 2 h(s)

r s(j ) (10)

M alw ays Alwaysmigrateson invocations.

3.4.Target suitability with respectto load balance

Theabovepoliciesmigrateobjectsonly if doingsodoes
not violate load balanceinvariants. We distinguishfour
casesfor potentialmigrations.Let ls andl t denoteproces-
sorloadestimationsof thesourceandtarget.Then:

ls � 0 ^ l t < 0: Migrationoccurs.

ls < 0 ^ l t � 0: Migrationdoesnotoccur.

ls � 0 ^ l t � 0: Neithermachineis underloaded.We mi-
gratethe invoker only if additionalconditionsregard-
ing the load ratio of the sourceandtarget processors
aremet.

ls < 0 ^ l t < 0: Both processorsareunderloadedandmi-
grationis questionablebecauseeitheror bothproces-
sorsmight beevicted in thenearfuture. We favor the
fasterprocessorin thiscase.

3.5.Initial object placement

The initial objectof anapplicationis alwayscreatedon
processorzero. Otherobjectsarecreatedaccordingto one
of thefollowing policies:

H creator Newly createdobjectsare placedon the same
hostasthecreator.

H least Newly createdobjectsareplacedontheleastloaded
processor.

H nfree As above, but the leastloadedprocessoris chosen
giventhefollowing priorities:underloadedprocessors,
used(but not underloaded)processors,and free pro-
cessors.

3.6. Object clustering and eviction fr om under­
loadedor overloadedhosts

Theeviction mechanismmigratesobjectsin groups,ei-
ther becausethe hostprocessormustbe abandoneddueto
inef�ciency, or becausethehostprocessoris overloadedand
someof its loadmustbe transferredto someotherproces-
sor.

� underloadedprocessors - We identify underloaded
processorsby pro�ling the averagefraction of lost
quantaduringsomepastperiodor by usingL pr of . All
the objectsresidingon an underloadedmachinehave
to beexpelled.For eachobject,we selectthemachine
with thegreatestaf�nity (de�ned by M best ) andmove
theobjectto thatprocessor.



� overloadedprocessors- WeuseL pr of to identify over-
loadedprocessors,computethenumberof objectsthat
have to beevicted,anddeterminethespeedof thetar-
get processor. The target processoris chosento be a
freeprocessorwhosespeeddoesnot exceedthevalue
thuscomputed.

Objectsto be evicted areselectedbasedon a cluster-
ing policy: two partitionsarecreatedover the setof
all objects,andoneof themis moved in groupon the
targetprocessor. Weexperimentedwith two clustering
heuristics,bothapproximationsof theminimal cut.

Processorsarecheckedperiodicallyfor anunderloadingor
overloadingcondition. Thesechecksare more expensive
than checksfor single-objectmigration, yet they are per-
formedmuchlessfrequently.

4. Experimental evaluation

We performeda numberof experimentsto assessthein-
dividualcontributionsof thevariouspolicies.All testswere
performedin thesimulatedenvironmentpresentedatthebe-
ginningof thepaper, usingJavaapplicationtracescollected
apriori.

Themetricusedto evaluatea policy con�guration is the
speeduprelative to the speedupof alternative con�gura-
tions, or to the maximal speeduptheoreticallyachievable
on thegivenarchitecture(seeTable2).

4.1.Load estimation

We evaluateload estimationmethodsin termsof initial
objectplacementpolicies. As long asobjectcreationrates
do not dramaticallydrop below object destructionrates,
load imbalanceis a goodindicatorof the actualgoodness
of a loadestimationpolicy.

The numberof residentobjects,L r es, performswell.
This agreeswith the resultsof otherstudies,who suggest
thatsimplecountsof active processesprovide thebestesti-
mates[5]. In fact,L r es performscloseto optimal(10:5=12)
when applicationsexhibit the necessarydegree of paral-
lelism(Aseqconc andApar conc runonP13).

On theotherhand,thenumberof readyobjects,L r eady ,
performspoorly. We arguethat this policy is not a reliable
methodof load estimation.The reasonis that a combina-
tion of computationally-intensive objectsanddiffering ma-
chinespeedscanresultin poorperformancewith this met-
ric. Choosinghighly communicative applicationsor rela-
tively uniformexecutionenvironmentsgivesL r eady abetter
chancefor estimatingthe actualload. In our case,L r eady

performsworst for Aseqconc andApar conc , both of which
arecomputationallyintense(seeTable1).

TheL pr of metricsleadto poorperformancedueto their
inability to collect enoughdataaboutthe behavior of ob-
jectsby the time mostof the objectsarecreated. This is
very apparentfor Avchat andAvmar k , wheremostobjects
havebeencreatedbeforeadequatepro�ling informationhas
beencollected(seeFigure 2). For this reasonwe do not
employ L pr of policies as direct load estimators. Instead,
we usethemto estimateprocessoroverloading.L P

pr of per-
formsslightly worsethanL O

pr of in someof thecases,but on
theaverageit provesto beagoodapproximationof L O

pr of .
The quality of load estimatorsis critical to good load

balancingschemes.We contrastedour policieswith anal-
gorithm that is blind to processorworkload,andperforms
a randominitial placementof newly createdobjects. The
degradationin performancevariesfrom 1=2 to asmuchas
1=4 in somecases.

4.2.Load dissemination

Weexperimentallycomparedthetwo approachesfor dis-
seminatingload informationwith a variety of policy con-
�gurations. In all teststhe performanceof D append is re-
markablycloseto that with perfect,global knowledge. In
fact,sometimesit outperformedtheoracleapproach,andin
one caseit did so by 30%. Thereis thereforeampleop-
portunityto spreadinformationtransitively, andthis is true
regardlessof whetherthe applicationis relatively moreor
lessdynamic.

It appearsthat immediateknowledgeof actual load is
lessbene�cial than�nding processorloadswith a slight in-
ertia. We attribute this effect to the locality of reference
principlefrom anobjectcreation/ communicationperspec-
tive: relatedobjects,asgiven by communicationpatterns,
tendto becreatedcloselyin time. Knowing theexact load
couldhurtperformanceasnewly createdobjectswill bedis-
tributedon differentprocessors.On the otherhand,slight
delayswill allow theseobjectsto be placedon the same
processor, andhelp towardscommunicationminimization.
This side effect is less apparentfor Avchat and Avmar k

which have larger messages/objectratiosandmoreappar-
entfor Aseqconc andApar conc .

To verify thisclaimwerepeatedall disseminationexper-
imentswith load disseminationdisabledat objectcreation
time. With a few exceptions,we indeedobtainedadditional
performanceimprovements.

4.3. Target suitability with respectto communica­
tion and load balance

We investigate the policies usedto evaluatetargets in
termsof communicationsuitabilityandloadbalance.

Unlike load estimation,complex policies for migration
buy extraperformanceimprovementoversimplerones.Ex-



cessively greedypolicieslike M obj andM al l have a better
ratio of local to network messagesbut incur too many mi-
grations.Overall performanceis thushurtdueto additional
migrationcosts. In the extremeis M al way s which gener-
atesan orderof magnitudemoremigrationsandpaysthe
higherprice. Our currentmigrationcostis very conserva-
tive. Larger migrationcostswould disproportionatelyhurt
theperformanceof thisapproach.

Theotherpolicies,M ideal , M bett andM best , which try
to captureobject-processorandnot object-objectaf�nities,
perform better, with M bett performingbest in a majority
of cases. M bett managesto improve performanceup to
2:5 timesover anon-migrationsettingwith A j mar k , but no
morethan1:3 with all otherapplications.We believe this
is so becausethe iterative natureof A j mar k de�nes more
clearlycommunicationpatternsthanany otherapplication.
Objectrelationshipsarehardto infer sincemostof theob-
jectsarevery shortlivedandthey aregoneby thetime rel-
evantdatahasbeenpro�led.

Werestrictmigrationsin trying to preserve loadbalance.
For instancewe arenot willing to migratefrom an under-
loadedprocessorto an overloadedone. We experimented
with differentcombinationsof acceptableloadratio for the
sourceandtarget processorandfound that performanceis
relatively insensitive to this aspect. The break-even point
betweenallowing more migrationsor preservingthe load
balanceis not clearly de�ned for the applicationsconsid-
ered.

4.4.Object eviction and clustering

Theapproachesdescribedin previoussectionsdistribute
load over all availableprocessors.Whenall nodescanbe
ef�ciently used,initial objectplacementcombinedwith one
of themigrationpoliciescanyield theexpectedresults.A
moreenlightenedpolicy might dynamicallychooseto use
only thosenodesthatcanbeexploitedef�ciently .

Thissectioninvestigatestechniquesthatdetectandelim-
inatebothunderloadedandoverloadedprocessors.Under-
loadedprocessorsarereleasedby evicting all objects.Over-
loadedprocessorsarede-populatedby migratingobjectsto
othernodes.Objectclusteringbasedonpro�led datais per-
formedin bothcases.

With eviction we intend to model the numberof used
computationalnodesafter the application's degreeof par-
allelism, andachieve load balanceat the sametime. Ob-
ject distribution asgiven by initial objectplacement,�ne-
grainedobjectmigration,andobjectclusteringwill hope-
fully reducecommunicationconstraintsandhelpexploit in-
herentapplicationparallelism.Figure1 shows typical per-
formanceindicesof eviction combinedwith migrationand
clusteringfor thetestsuite.

Combiningobjectclusteringwith migrationdoesin most

of the casesfurther improve performanceover eviction
alone,mostnoticeablythe caseof Aseqconc andApar conc .
Spectacularimprovementsbasedon onlinepro�ling of ob-
jectcommunicationarenot to beexpectedsincemostof the
objectsin a typical Java applicationdie young[12], before
relevantclusteringinformationcanbecollected.Exceptions
arerelatively staticapplicationsandAvmar k is oneof them
(seeFigure2). Indeed,for A j mar k migrationandclustering
canyield up to 75%improvementovereviction alone.

Parallelism is dependentupon synchronizationcon-
straintsandthenumberof objectsin thesystem.Pro�les of
thenumberof objectsandusedprocessorsfor two applica-
tionsareshown in Figure2. Thenumberof usedprocessors
adaptsquitewell to thegrowing andshrinkingof dynamic
applications,andstabilizeswith staticapplications.

Throughoutthe experimentswe usedL P
pr of to detect

overloadedprocessors.Similar resultswereobtainedwith
L O

pr of ; we focusedon theformersinceit is moreappealing
from animplementationpoint of view. A hostwasconsid-
eredto be underloadedif it was in the idle statefor more
than33%of somepastinterval.

4.5.Varying processorspeed

In metacomputingenvironmentsresourcesareoftennon-
dedicated.A runtimesystemsimilar to oursmay have to
contendwith otherprocessesfor resources.We modelcon-
tention by changingthe effective processorspeedduring
applicationexecution. Due to the pro�ling natureof our
policiesnonoticeabledegradationin performancehasbeen
observedthroughoutthetests.

5. Relatedwork

Thereis a largebodyof researchon distributedsystems
basedon objector componentmodels.We concentrateon
theability of systemsto supportautomaticobjectdistribu-
tion.

Legion [6] is a metacomputerprojectdesignedto sup-
portwide-areadistributedcomputing,basedonearlierwork
on the Mentat object system. Rather than implement-
ing system-widepolicies, Legion provides a framework
through which programmerscan supply custom object-
placementpolicies.

SOS[11] is an object-orientedoperatingsystembased
on fragmentedobjects— eachobjectconsistsof aprovider
andpossiblymultipleproxies.Thesystemdoesnot include
automaticmigration mechanisms,but custompolicies for
communicationminimizationcanbe speci�ed by de�ning
communicationprotocolsbetweenproxiesandcorrespond-
ing providers.

Emerald[2] is an object-orientedsystem(compilerand
run-timesystem)with supportfor �ne-grain, medium-grain
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Figure 2. Number of objects as an indication of application parallelism for two applications. We
depicted case E from the �gure above.

andlarge-grainobjects. Distribution is de�ned at the lan-
guagelevel, andallows the programmerto control the lo-
cationof objectsthroughlanguageoperators[9]. However,
Emeralddoesnotincludeautomaticmigrationmechanisms;
the runtime-systemdistributesobjectsonly asdirectedby
applications.

Globe[13] is speci�cally aimedat wide-areadistributed

applications.Objectsin Globearesimilar to thefragmented
objectsfoundin SOSandlocationtransparency is provided
by thesystem.It is tooearlyto tell whetherandhow Globe
will featureautomaticdistributionmechanisms.

The Coign systemautomaticallypartitionsexisting ap-
plicationsbuilt usingMicrosoft's COM standard[7]. The
Coign approachdiffers substantiallyfrom ours in that it



assumesstaticenvironmentsandan off-line training stage
prior to theactualrunningof theapplication.

6. Discussionand Conclusions

This paperhas presenteda simulation-basedstudy of
several approachesto mappingcommunicative objectsto
nodesin awide-areasystem.Thecentralthemeof ourstudy
is investigatingtheef�cacy of simple,local policieswhose
overheaddoesnot scalewith the numberof objectsin the
system.

Our studyrevealeda numberof interestingtrends. For
example,themostsophisticatedloadestimationpoliciesdid
not performwell becausethey took too long to accumulate
state.Instead,thebestpoliciesweresimplecountsof resi-
dentobjects.If thereis alessonto belearned,it is thatcom-
plicatedmeasureshavemorepathologicalcasesthansimple
measures,anda few pathologicalcasescandominateover-
all performance.

Second,appendingincrementalloadinformationto out-
going messagesperformedat least as well as an oracu-
lar approachthat propagatedall currentload estimatesin-
stantly, and with zero cost. We found that perfectup-to-
date information may hurt performancebecauseof “de-
siredsideeffects” that manifestdueto disseminationiner-
tia. Furthermore,we learnedthat for systemssupporting
�ne-grainedpatternswith complex communicationbehav-
ior, piggy-backed informationquickly disseminatesinfor-
mationacrossthesystem.

Third, communication-basedmigrationdecisionssignif-
icantly improve if we employ more complex discrimina-
torsbasedonobject-processoraf�nity asopposedto object-
objectaf�nity . Thisplacesapremiumonmethodsthatstrive
to accuratelyapproximatethisinformationin largedynamic
systems.

Fourth, object behavior pro�ling based on block-
ing/readytime is a successfulcandidatein estimatingpro-
cessorunderloadingandoverloadingconditions. An evic-
tion mechanismcanautomaticallygrabandreleaseproces-
sorsbasedon applicationneeds,thusef�ciently usingonly
as many resourcesas required. Combiningeviction with
migrationandobjectclusteringcanachieve furtherperfor-
manceimprovementsby reducinginterprocessortraf�c and
synchronization.

Finally, we showedthata combinationof simple,cheap
approachesto eachof theseareascanresultin performance
nearlyasgoodasthebestapproaches,includingthosebased
onoracularinformation.

There is more than one direction in which our work
couldbeextended.First, theobjectmodelcanbeenriched
by addingsupportfor passive objects,read-onlyobjects,
sharedobjects,stationaryobjectsandhard-links,which are
ameansof specifyingthatagroupof objectsshouldalways

beco-located.Thekey questionis how canwe exploit the
characteristicsof eachnew objectclassin orderto develop
betterdistributionpolicies.

Second,investigating more heuristicsbasedon cluster
analysis[8] might revealsurprisingresultsbothin thecon-
text of eviction aswell asobjectclustermigrationat invo-
cation,a featurewehave not implementedyet.

Finally, implementationof thesetechniquesin arealsys-
tem would provide us with more accuratefeedbackas to
their performance.
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