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Abstract— Desktop grids have recently been used to perform
some of the largest computations in the world and have the
potential to grow by several more orders of magnitude. However,
curr ent approachesto utilizing desktop resourcesrequire either
centralized servers or extensive knowledge of the underlying
system,limiting their scalability.

We propose a biologically inspired and fully-decentralized
approach to the organization of computation that is based on
the autonomousscheduling of strongly mobile agentson a peer-
to-peer network. In a radical departure fr om curr ent models,we
envision large-scaledesktop grids in which agentsautonomously
organize themselves so as to maximize resource utilization.

By encapsulating computation and behavior into agents, the
organization of the computation can be customizedfor differ ent
classesof applications. At the same time, the design of the un-
derlying infrastructur e is greatly simpli�ed, resulting in a system
that naturally lends itself to a true peer-to-peer implementation
where each node can be at the sametime provider and user of
the computing utility infrastructur e.

We demonstrate this concept with a reduced-scaleproof-
of-concept implementation that executes a data-intensive
independent-task application on a set of heterogeneous,geo-
graphically distrib uted machines.We present a detailed explo-
ration of the design space of our system and a performance
evaluation of our implementation using metrics appropriate for
assessingself-organizing desktop grids.

I . INTRODUCTION

Someof the largestcomputationsin the world have been
carried out on collectionsof PCs and workstationsover the
Internet.Tera-�op levels of computationalpower have been
achieved by systemscomposedof heterogeneouscomputing
resourcesthat number in the hundreds-of-thousandsto the
millions. Theselarge distributed systemsthat allow Internet
Computingare often referredto asDesktopGrids, andallow
scientiststo run applicationsat unprecedentedscalesand at
greatlyreducedcosts.While impressive, theseefforts only use
a tiny fractionof thedesktopsconnectedto theInternet.Order
of magnitudeimprovementscould be achieved if novel sys-
temsof organizationof thecomputationwereto beintroduced
that overcomethe limits of presentsystems.

In this paper, we describea novel infrastructuredesigned
from scratchto maximizetheutilizationof largedesktopgrids.
The questionswe have tried to answerare:

� What is the bestmodel of utilization of a systembased
on theharvestingof idle cyclesof hundreds-of-thousands
to millions of PCs?
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� How shouldthe systembe designedin order to make it
consistentwith thegrid computingidealsof computation
asa ubiquitousandeasilyaccessibleutility?

Theplanetaryscaleof Internetcomputingcannotbehandled
by traditionalgrid schedulingmodels[1], [2], [3], [4], andgoes
beyond the range of current centralizedand master/worker
solutions[5], [6], [7], [8], [9], [10], [11], [12], [13], [14]. A
new approachis neededthatcanorganizecomputationaccord-
ing to a completelydecentralizedmodel.Given the different
requirementsof differentclassesof applications,sucha model
mustbe easilycustomizableanddeployable.In addition,due
to theextremelydynamicnatureof theunderlyingsystem,any
realistic solution must be capableof autonomouslyadapting
to currentsystemconditions.

Nature provides numerousexamplesof complex systems
comprisingmillions of organismsthat organizethemselvesin
anautonomous,adaptive way to producecomplex patterns.In
thesesystems,theemergenceof complex patternsderivesfrom
the superpositionof a large numberof interactionsbetween
organismsthat have relatively simple behavior. In order to
apply this approachto the task of organizing computation
over complex systemssuchasdesktopgrids, onewould have
to devise a way of breakinga large computationinto small
autonomouschunks,and thenendowing eachchunkwith the
appropriatebehavior.

Our approachis to encapsulatecomputationand behavior
into mobile agents.A similar conceptwas �rst explored by
Montresoret al. [15] in a project showing how an ant algo-
rithm could be usedto solve the problemof dispersingtasks
uniformly over a network. In our approach,the behavior is
designedto producedesirablepatternsof executionaccording
to currentgrid engineeringprinciples.More speci�cally, the
patternof computationresultingfrom thesyntheticbehavior of
our agentsre�ects somegeneralconceptsaboutautonomous
grid schedulingprotocolsstudiedby Kreasecket al. [16]. Our
approachextendspreviousresultsby showing i) how thebasic
conceptscan be extendedto accommodatehighly dynamic
systems,andii) a practicalimplementationof theseconcepts.

One consequenceof the encapsulationof behavior and
computationinto agentsis that they canbe easilycustomized
for different classesof applications.Another desirablecon-
sequenceis that the underlyingsupportinfrastructurefor our
systemis extremelysimple.Therefore,our approachnaturally
lendsitself to a true peer-to-peerimplementation,whereeach
node can be at the same time provider and user of the
computing utility infrastructure.Our schemecan be easily
adaptedto thecasewherethesourceof computation(thenode
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initiating a computingjob) is differentfrom the sourceof the
data.

The main contributionsof this paperare: i) the description
of a new organization principle for desktop grids which
combinesbiologically inspired models of organization,au-
tonomous scheduling,and strongly mobile agents, ii) the
demonstrationof these principles as a working proof-of-
conceptprototype, iii) a detailed exploration of the design
spaceof our system,andiv) theperformanceevaluationof our
designusingmetricsappropriatefor assessingself-organizing
desktopgrids.

The purposeof this work is the initial exploration of a
novel concept, and as such it is not intended to give a
quantitative assessmentof all aspectsand implicationsof our
new approach.In particular, detailedevaluationsof scalability,
degreeof toleranceto faultsandadaptivity to rapidly changing
systems,have beenleft for future studies.

I I . BACKGROUND AND RELATED WORK

A. Peer-to-Peer and InternetComputing

The goal of utilizing the CPU cycles of idle machines
was �rst realizedby the Worm project [17] at Xerox PARC.
Further progresswas made by academicprojects such as
Condor[9]. Thegrowth of theInternetmadelarge-scaleefforts
like GIMPS [5], SETI@home[6] and folding@home [7]
feasible.Recently, commercialsolutionssuchasEntropia[8]
andUnited Devices[18] have alsobeendeveloped.

The ideaof combiningInternetandpeer-to-peercomputing
is attractive becauseof the potential for almost unlimited
computationalpower, low cost,easeanduniversalityof access
— the dream of a true ComputationalGrid. Among the
technicalchallengesposedby suchanarchitecture,scheduling
is oneof themostformidable— how to organizecomputation
on a highly dynamicsystemat a planetaryscalewhile relying
on a negligible amountof knowledgeaboutits state.

B. Scheduling

Decentralizedschedulingis a �eld thathasrecentlyattracted
considerableattention. Two-level schedulingschemeshave
beenconsidered[19], [20], but thesearenot scalableenough
for the Internet. In the scheduling heuristic describedby
Leangsuksunet al. [21], every machineattemptsto maptasks
on to itself as well as its K bestneighbors.This appearsto
require that eachmachinehave an estimateof the execution
time of subtaskson eachof its neighbors,as well as of the
bandwidth of the links to these other machines.It is not
clearthat their schemeis practicalin large-scaleanddynamic
environments.

G-Commercewas a study of dynamic resourceallocation
on the Grid in terms of computationalmarket economies
in which applicationsmust buy resourcesat a market price
in�uenced by demand[22]. While conceptuallydecentralized,
if implementedthis schemewould require the equivalent of
centralizedcommoditymarkets(or banks,auctionhouses,etc.)
whereoffer and demandmeet,andcommoditypricescan be
determined.

Recently, a new autonomousanddecentralizedapproachto
schedulinghasbeenproposedto addressspeci�cally theneeds
of large grid and peer-to-peerplatforms. In this bandwidth-
centric protocol, the computationis organizedarounda tree-
structuredoverlay network with the origin of the tasks at

the root [16]. Each node in the systemsendstasks to and
receivesresultsfrom its K bestneighbors,accordingto band-
width constraints.Oneshortcomingof this schemeis that the
structureof the tree, and consequentlythe performanceof
the system,dependscompletelyon the initial structureof the
overlaynetwork. This lack of dynamismis boundto affect the
performanceof the schemeand might also limit the number
of machinesthat canparticipatein a computation.

C. Self-Organizationof Complex Systems
The organizationof many complex biological and social

systemshasbeenexplainedin termsof the aggregationsof a
large numberof autonomousentitiesthat behave accordingto
simple rules. According to this theory, complicatedpatterns
can emerge from the interplay of many agents— despite
the simplicity of the rules [23], [24]. The existenceof this
mechanism,oftenreferredto asemergence, hasbeenproposed
to explain patternssuchas shell motifs, animal coats,neural
structures,and social behavior. In particular, certaincomplex
behaviors of social insectssuchas antsand beeshave been
studiedin detail,andtheir applicationsto the solutionof spe-
ci�c computerscienceproblemshasbeenproposed[15], [25].
In a departurefrom the methodologicalapproachfollowed in
previous projects,we did not try to accuratelyreproducea
naturallyoccurringbehavior. Rather, westartedwith aproblem
andthendesigneda completelyarti�cial behavior that would
result in a satisfactory solution to it. Our work was inspired
by a particularversionof theemergenceprinciplecalledLocal
Activation,Long-rangeInhibition (LALI), which wasrecently
shown to beresponsiblefor theformationof a complex pattern
usinga clever experimenton ants[26].

D. Strongly Mobile Agents
To make progressin the presenceof frequentreclamations

of desktopmachines,currentsystemsrely on different forms
of checkpointing:automatic,e.g.,SETI@home,or voluntary,
e.g., Legion. The storageand computationaloverheadsof
checkpointing put constraintson the design of a system.
To avoid this drawback, desktopgrids need to support the
asynchronousand transparentmigration of processesacross
machineboundaries.

Mobile agents[27] have relocationautonomy. Theseagents
offer a �e xible meansof distributing data and code around
a network, of dynamicallymoving betweenhostsas resource
availability varies, and of carrying multiple threadsof exe-
cution to simultaneouslyperform computation,decentralized
scheduling,andcommunicationwith otheragents.

The majority of the mobile agentsystemsthat have been
developeduntil now are Java-based.However, the execution
modelof theJava Virtual Machinedoesnot permitanagentto
accessits executionstate,which is why Java-basedmobility
librariescanonly provide weakmobility [28]. Weakmobility
forcesprogrammersto usea dif�cult programmingstyle.

By contrast,agentsystemswith strong mobility provide the
abstractionthat the execution of the agent is uninterrupted,
even as its location changes.Applicationswhere agentsmi-
gratefrom hostto hostwhile communicatingwith oneanother,
are severely restricted by the absenceof strong mobility.
Strong mobility also allows programmersto use a far more
naturalprogrammingstyle.

Theability of a systemto supportthemigrationof anagent
at any time by an external thread,is termedforced mobility.
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This is essentialin desktop grid systems,becauseowners
needto be able to reclaim their resources.Forced mobility
is dif�cult to implementwithout strongmobility.

We provide strong and forced mobility for the full Java
programminglanguageby usinga preprocessorthat translates
strongly mobile sourcecodeinto weakly mobile sourcecode
[29], [30]. The generatedweakly mobile code maintainsa
movableexecutionstatefor eachthreadat all times.

I I I . AUTONOMIC SCHEDULING

A. Agent BehaviorDesign
The organizationof computationon a distributed system

must accountfor the speci�c communicationpattern of an
application. For the initial exploration of our schemewe
selecteda parameter-sweeptemplateapplication,a class of
applicationsthat has been frequently studied in the context
of Grid schedulingand for which a number of results are
available.

One of the works that inspired our project was the
bandwidth-centricprotocolproposedby Kreasecket al. [16],
in which a Grid computation is organized around a tree-
structuredoverlay network with the origin of the tasksat the
root. A treeoverlaynetwork representsa naturalandintuitive
way of distributing tasksandcollectingresults.The drawback
of the original schemeis that the performanceandthe degree
of utilization of the system dependentirely on the initial
assignmentof the overlay network.

In contrast,wehavedevelopedoursystemsto beadaptive in
the absenceof any knowledgeaboutmachinecon�gurations,
connectionbandwidths,network topology, andassumingonly
a minimal amountof initial information. While our scheme
is also basedon a tree, our overlay network keepschanging
to adaptto systemconditions.Our treeadaptationmechanism
is driven by the perceived performanceof a node's children,
measuredpassively as part of the ongoingcomputation[31].
Fromthepoint of view of network topology, our systemstarts
with a small amountof knowledgein the form of a “friends
list”, and then keepsbuilding its own overlay network on
the �y . Information from eachnode's “friends list” is shared
with othernodesso the initial con�guration of the lists is not
critical. The only assumptionwe rely upon is that a “friends
list” is available initially on eachnodeto prime the system;
solutionsfor theconstructionof suchlistshavebeendeveloped
in the context of peer-to-peer�le-sharing [32], [33] and will
not be addressedin this paper.

The Local Activation, Long-rangeInhibition (LALI) rule
is basedon two typesof interactions:a positive, reinforcing
onethat works over a short range,anda negative, destructive
one that works over longer distances.We retain the LALI
principle but in a different form: we use a de�nition of
distancewhich is basedon a performance-basedmetric. In
our experiment,distanceis basedon theperceivedthroughput
which is some function of communicationbandwidth and
computationalthroughput.Nodesare initially recruitedusing
the “friends list” in a way that is completely oblivious of
distance,thereforepropagatingcomputationon distantnodes
with sameprobability ascloseones.During the courseof the
computationagentsbehavior encouragesthe propagationof
computationamongwell-connectednodeswhile discouraging
the inclusionof distant(i.e. lessresponsive) agents.

Themethodologywe followedto designtheagentbehavior
is as follows. Using an engineeringapproach,we selected

a tree-structuredoverlay network as the desirablepatternof
execution.We empirically determinedthe simplestbehavior
that would organizethe communicationand task distribution
among mobile agents according to that pattern. We then
augmentedthe basicbehavior in a way that introducedother
desirableproperties.With the total computationtime as the
performancemetric, every addition to the basicschemewas
separatelyevaluatedandits contribution to total performance,
quantitatively assessed.

Onesuchpropertyis constantadaptation.The overlay tree
is incrementallyrestructuredduring the computationso as to
adjust it to the performanceof the nodes.Another property
is the performancemonitoring of child nodes.We assumed
that no knowledgeis availableon the system,thereforechild
performanceis determinedusing feedback.Other functions
that were found to be critical for performancewere the
automaticdeterminationof parameterssuchasprefetchingand
tasksize,the detectionof cycles,the detectionof deadnodes
andthe endof the computation.

Although our schemeis generalenoughto accommodate
several different classesof applications,we focus on the
solutionto oneparticularproblemin this paper:thescheduling
of the independent,identical subtasksof an independent-task
application(ITA) whosedatainitially residesat one location.
Thesizeof individualsubtasksandof their resultsis large,and
so transfertimescannotbeneglected.The applicationthatwe
haveusedfor ourexperimentsis NCBI's nucleotide-nucleotide
sequencecomparisontool BLAST [34].

B. BasicAgent Design

A large computationaltask is written as a strongly mo-
bile agent.This task should be divisible into a number of
independentsubtasks.A userstartsup the computationagent
on his/hermachine.Onethreadof the agentbegins executing
subtaskssequentially. The agent is also preparedto receive
requestsfor work from othermachines.If themachinehasany
uncomputedsubtasks,and receives a requestfor work from
anothermachine,it sendsa clone of itself to the requesting
machine.The requesteris now this machine's child.

The cloneasksits parentfor a certainnumberof subtasks
to work on, s. A threadbegins to computethesubtasks.Other
threadsare created— when required — to communicate
with the parentor other machines.When work requestsare
received, the agentdispatchesits own clone to the requester.
The computationspreadsin this manner. The topologyof the
resultingoverlaynetwork is a treewith theoriginatingmachine
at the root node.

An agent requestsits parent for more work when it has
executedits own subtasks.Even if the parentdoesnot have
the requestednumberof subtasks,it will respondandsendits
child what it can.The parentkeepsa recordof the numberof
subtasksthat remainto besent,andsendsa requestto its own
parent.Every time a nodeof the treeobtainsr results,either
computedby itself or obtainedfrom a child, it sendsthem
to its parent.This messageincludesa requestfor all pending
subtasks.

C. Maintenanceof Child-lists

A nodecannothave anarbitrarily largenumberof children.
Sincethe datatransfertimesof the subtasksarelarge,a node
might have to wait for a very long time for its requestto be
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satis�ed.Therefore,eachnodehasa �x ednumberof children,
c. The numberof childrenalsoshouldnot be too small so as
to avoid deeptreesand long delaysin datapropagation.

Thesechildrenarerankedon thebasisof their performance.
Theperformancemetric is application-dependent.For an ITA,
a child is evaluatedon thebasisof therateat which it sendsin
results.When a child sendsr results,the nodemeasuresthe
time-interval since the last time it sent r results.The �nal
result-rateof this child is calculatedas an averageof the
last R suchtime-intervals. This ranking is a re�ection of the
performanceof not just a child, but of the entiresubtreewith
the child nodeat its root.

In additionto c children,a nodecanalsobe theparentof p
potentialchildren.Thesearechildrenwhich this nodehasnot
yet beenable to evaluate.When a potentialchild doessend
enoughresultsto this node,it is addedto the list of thenode's
children.If thenodenow hasmorethanc children,theslowest
child, sc, is removed from the child-list. As describedbelow,
scis thengivena list of othernodes,which it cancontactto try
and get back into the tree. The currentnodekeepsa record
of the last o former children, and sc is now placed in this
list. Nodesare removed from this list oncea suf�cient, user-
de�ned timeperiodelapses.For thatinterval of time,messages
from sc will be ignored.This avoids thrashingand excessive
dynamismin the tree.

D. Restructuringof the OverlayNetwork

The topology of the overlay network is a tree and it is
desirablefor thebest-performingnodesto becloseto theroot.
This principle is applicabledown theentiretree.In thecaseof
an ITA, this minimizesthe communicationdelaybetweenthe
root andthebestnodes,i.e., theoverlaynetwork is structured
so that the nodeswith the highestthroughputarecloseto the
root, pushingthosewith low throughputtowardsthe leaves.

A node periodically informs its parent about its best-
performingchild. The parentthen checkswhetherits grand-
child is presentin its list of formerchildren.If not, it addsthe
grandchildto its list of potentialchildren and tells this node
that it is willing to considerthe grandchild.The node then
instructsits child to contactits grandparentdirectly.

When a nodeupdatesits child-list and decidesto remove
its slowest child, sc, it does not simply discard the child.
It preparesa list of its children in descendingorder of
performance,i.e., slowest node �rst. The list is sent to sc,
which attemptsto contactthosenodesin turn. Sincethe �rst
nodesthatarecontactedaretheslower ones,thetreeis sought
to be kept balanced.

E. Sizeof ResultBurst

Eachagentof an ITA ranksits childrenon the basisof the
time takento sendsomeresultsto this node.Thetime required
to obtainjust oneresult-burst,or a result-burstof size1, might
not be a good measureof the performanceof a child. Nodes
might make poor decisionsaboutwhich childrento keepand
discard.The child propagationalgorithm bene�ts from using
the averageof R result-burst intervals and from settingr, the
result-burst burst size, to be greaterthan1. A bettermeasure
for the performanceof a child is the time taken by a nodeto
obtainr*(R+1) results.However, r andR shouldnot be setto
very large valuesbecausethe overlaynetwork would take too
much time to take form andto get updated.

F. Fault Tolerance
If the parentof a node were to becomeinaccessibledue

to machineor link failures,the nodeandits own descendants
would be disconnectedfrom the tree.A nodemustbe ableto
contactits parent's ancestorsif necessary. Every nodekeeps
a list of a of its ancestors.This list is updatedevery time its
parentsendsit a message.

A child waitsa certainuser-de�ned time for a responseafter
sendingamessageto its parent— thea-th nodein its ancestor-
list. If the parent is able to respond,it will. The child will
receive the response,checkwhetherits requestwas satis�ed
with any subtasks,and begin waiting again if that is not the
case.If no responseis obtainedwithin the timeoutperiod,the
child sendsa messageto the (a - 1)-th nodein that list. This
goeson until an ancestorrespondsto this node's request.The
ancestorbecomesthe parentof the currentnodeand normal
operationresumes.If a node's ancestor-list goesdown to size
0, the computationagent on that node self-destructsand a
stationaryagentbegins to sendout requestsfor work to a list
of friends.

G. Cyclesin the OverlayNetwork
Even thoughthe overlay network shouldbe a tree,failures

could causethe formation of a cycle of nodes.This cycle of
nodeswill eventually run out of subtasksto compute.This
situationis avoidedby having eachnodeexamineits ancestor
list on receiving it from its parent.If a node�nds itself in that
list, it knows that a cycle has occurredand its computation
agentself-destructs.

If the cycle involves a very large number of nodes,the
ancestor-list may be too small to include the current node.
A node also keepstrack of the total time that has elapsed
since it last received a subtask.If that time exceedsa user-
de�ned limit, a cycle is assumedto have taken shapeandthe
computationagenton the nodedestroys itself.

H. Termination
The root of the tree determineswhen the computationhas

terminated.It sendsa termination messageto each of its
actual,potentialand former children.The computationagent
on the root thenself-destructs.Thechildrenof the root do the
same.Terminationmessagesspreaddown to the leaves and
the computationterminates.Therearetwo scenariosin which
terminationcould be incomplete:

� A termination messagemight not reach a node. The
situationis thesameasthatdescribedin SubsectionIII-F.

� Considerthat computationagentsareexecutingon nodes
n1 and n2. n1 receives a termination message,but n2
doesnot becauseof a failure. The agenton n1 destroys
itself. n1 now sendsrequestmessagesto its friends. If
one of these is n2, a clone of n2's agent is sent to
n1. An unchecked spreadof computationwill not occur
becauseagentssendout clonesonly if they do not have
any uncomputedsubtasks.n1 andn2 will eventuallyrun
out of subtasksand destroy themselves as explained in
SubsectionIII-F.

I. Self-adjustmentof TaskList Size
A nodealways requestsa certainnumberof subtasksand

obtainstheir resultsbeforerequestingmoresubtasksto work
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Fig. 2. Final Node Organization,Result-burst size=3,Good Initial Con�g-
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on. However, in an ITA-type application,the utilization of a
high-performancemachinemay be poor becauseit is only
requestinga �x ed numberof subtasksat a time.

A nodemay requestmoresubtasksin order to increasethe
utilization of its resources.A noderequestsa certainnumber
of subtasks,t, that it will computeitself. Onceit has�nished
computing the t subtasks,it comparesthe averagetime to
computea subtaskon this run to that of the previous run.
Dependingon whetherit performedbetter, worseor aboutthe
same,the node requestsi(t), d(t) or t subtasksfor its next
run, where i and d are increasingand decreasingfunctions,
respectively.

J. Prefetching
A node determinesthat it should requestt subtasksfrom

its parent.It alsomakesanoptimisticpredictionof how many
subtasksit might requirein futureby usingthe i function that
is usedfor self-adjustment.t+i(t) subtasksare thenrequested
from the parent.When a node�nishes computingone set of
subtasks,moresubtasksarereadilyavailablefor it to work on,
even asa requestis submittedto the parent.

While prefetchingwill reducethe delay in obtaining new
subtasksto work on, it alsoincreasesthe amountof datathat
needsto be transferredat a time from the root to the current
node, thus increasing the synchronizationdelay and data
transfertime. This is why excessively aggressive prefetching
will result in a performancedegradation.

IV. MEASUREMENTS

We haveconductedexperimentsto evaluatetheperformance
of each aspectof our schedulingscheme.The experiments
were performedon a cluster of eighteenheterogeneousma-
chinesat different locationsaroundOhio. The machinesran

ParameterName ParameterValue
Maximum children 5
Maximum potentialchildren 5
Result-burst size 3
Self-adjustment linear
Numberof subtasks 1
initially requested
Child-propagation On

TABLE I

ORIGINAL PARAMETERS
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Fig. 3. CodeRamp-up

theAglets weakmobility agentenvironmenton topof either
Linux or Solaris.

The applicationwe usedto test our systemwas the gene
sequencesimilarity searchtool, NCBI's nucleotide-nucleotide
BLAST [34]: an independent-taskapplication.The task was
to match a 256KB sequenceagainst320 data chunks,each
of size 512KB. Each subtaskwas to match the sequence
againstonechunk.All eighteenmachineswould have offered
good performanceas they all had fast connectionsto the
Internet,highprocessorspeedsandlargememories.In orderto
obtainmoreheterogeneityin their performance,we introduced
delaysin the applicationcodeso that we could simulatethe
effectof slowermachinesandslowernetwork connections.We
divided the machinesinto fast, mediumand slow categories
by introducingdelaysin the applicationcode.

As shown in Figure 4, the nodeswere initially organized
randomly. The dottedarrows indicatethe directionsin which
requestmessagesfor work weresentto friends.Theonly thing
a machineknew abouta friend wasits URL. We ran thecom-
putationwith theparametersdescribedin TableI. Linearself-
adjustmentmeansthat the increasinganddecreasingfunctions
of the numberof subtasksrequestedat eachnodeare linear.
The time requiredfor the codeand the �rst subtaskto arrive
at thedifferentnodescanbeseenin Figure3. This is thesame
for all the experiments.

A. Comparisonwith Knowledge-basedScheme

The purposeof these tests is to evaluate the quality of
the con�guration which is autonomouslydeterminedby our
schemefor different initial conditions.

Two experimentswere conductedusing the parametersin
Table I. In the �rst, we manually created a good initial
con�guration assuminga priori knowledgeof systemparam-
eters.We then ran the application,and veri�ed that the �nal
con�guration did not substantiallydepartfrom the initial one.
Weconsideragoodcon�gurationto beonein which fastnodes
arenearertheroot.Figures1 and 2 representthestartandend
of this experiment.The�nal treecon�guration shows that fast
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Con�guration Running
Time (sec)

original 2294
good 1781

TABLE II

EFFECT OF PRIOR KNOWLEDGE

Scheme Running
Time (sec)

With 2294
Without 3035

TABLE III

EFFECT OF CHILD PROPAGATION

nodesarekept nearthe root andthat the systemis constantly
re-evaluatingevery nodefor possiblerelocation(asshown by
thethreerightmostchildrenwhich areunderevaluationby the
root).

We beganthe secondexperimentwith the completelyran-
dom con�guration shown in Figure 4. The resultingcon�gu-
ration shown in Figure 5 is substantiallysimilar to the good
con�gurations of the previous experiment; if the execution
time had beenlonger, the migration towards the root of the
two fastnodesat depths2 and3 would have beencomplete.

B. Effect of Child Propagation

We performedour computationwith the child-propagation
aspectof theschedulingschemedisabled.Comparisonsof the
runningtimesandtopologiesarein TableIII andFigures5 and
6. Thechild-propagationmechanismresultsin a32%improve-
ment in the runningtime. The reasonfor this improvementis
thedifferencein thetopologies.With child-propagationturned
on, the best-performingnodesarecloserto the root. Subtasks
andresultstravel to andfrom thesenodesat a fasterrate,thus
improving systemthroughput.

C. Result-burst size

The experimental setup in Table I was again used. We
then ran the experimentwith different result-burst sizes.The
running times have been tabulated in Table IV. The child
evaluationsthat aremadeby nodeson the basisof oneresult
arepoor. The nodes'child-lists changefrequentlyandare far
from ideal, as in Figure7.

There is a qualitative improvement in the child-lists as
the result-burst size increases.The structureof the resulting
overlay networks for result-burst sizes 3 is in Figures 5.
However, with very large result-bursts, it takes longer for
the tree overlay to form and adapt, thus slowing down the
experiment.This canbe seenin Figure8.
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Fig. 6. Final NodeOrganization,Result-burst size=3,No Child Propagation

D. Prefetching and Initial TaskSize

The dataramp-uptime is the time requiredfor subtasksto
reachevery single node.Prefetchinghasa positive effect on
this.Theminimumnumberof subtasksthateachnoderequests
also affects the data ramp-up.The greaterthis number, the
greaterthe amountof datathat needsto be sentto eachnode,
andtheslower thedataramp-up.This canbeseenin TableV.

Prefetchingdoesimproves the ramp-up,but of paramount
importanceis its effecton theoverall runningtimeof anexper-
iment.This is alsocloselyrelatedto the minimum numberof
subtasksrequestedby eachnode.Prefetchingimprovessystem
throughputwhenthe minimum numberof subtasksrequested
is one. As the minimum numberof subtasksrequestedby a
node increases,more data needsto be transferredat a time
from the root to this node,and the effect of prefetchingbe-
comesnegligible. As thisnumberincreasesfurther, prefetching
actually causesa degradation in throughput.Table V and
Figure 9 summarizetheseresults.

E. Self-Adjustment

We ran an experimentusing the con�guration in Table I
and then did the sameusing constantand exponentialself-
adjustmentfunctionsinsteadof the linearone.Thedataramp-
ups have been comparedin Table VI. The ramp-up with
exponentialself-adjustmentis appreciablyfasterthanthatwith
linear or constantself-adjustment.The aggressive approach
performs better becausenodesprefetch a larger amount of
subtasks,and subtasksquickly reachthe nodesfarthestfrom
the root.
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Result-burst Size RunningTime (sec)
1 3050
3 2294
8 3020

TABLE IV

EFFECT OF RESULT-BURST SI ZE

FAST

MEDIUM

SLOW

IS CHILD OF

IS POTENTIAL CHILD OF

ORIGIN

Fig. 7. NodeOrganization,Result-burst size=1

We alsocomparedtherunningtimesof thethreerunswhich
arein TableVI. Interestingly, therunwith theexponentialself-
adjustmentperformedpoorly with respectto the other runs.
This is due to nodesprefetchingextremely large numbers
of subtasks.Nodes now spendmore time waiting for their
requeststo be satis�ed, resulting in a degradation in the
throughputat that node.

The linear casewas expectedto perform better than the
constantone, but the observed differencewas insigni�cant.
We expectthis differenceto be morepronouncedwith longer
experimentalrunsanda larger numberof subtasks.

F. Numberof children

We experimentedwith different child-list sizesand found
that the data ramp-up time with the maximum number of
childrensetto 5 waslessthanthatwith themaximumnumber
of childrensetto 10 or 20. Theseresultsarein TableVII. The
root is able to take on more children in the latter casesand
the spreadof subtasksto nodesthat were originally far from
the root takes lesstime.

Insteadof exhibiting better performance,the runs where
large numbersof children were allowed, had approximately
the sametotal running time as the run with the maximum
numberof childrenset to 5. This is becausechildrenhave to
wait for a longer time for their requeststo be satis�ed.

In order to obtain a better idea of the effect of several
children waiting for their requeststo be satis�ed, we ran
two experiments:one with the good initial con�guration of
Figure 1, and the other using a star topology — every non-
root node was adjacentto the root at the beginning of the
experimentitself. The maximumsizesof the child-lists were
set to 5 and 20, respectively. Since the overlay networks
werealreadyorganizedsuchthat therewould be little change
in their topology as the computationprogressed,there was
minimal impactof thesechangeson the overall runningtime.
Theeffectof thesizeof thechild-list wasthenclearlyobserved
asin TableVIII. Similar resultswereobservedevenwhenthe
child-propagationmechanismswere turnedoff.

ORIGIN

SLOW

MEDIUM

FAST

IS CHILD OF

IS POTENTIAL CHILD OF

Fig. 8. NodeOrganization,Result-burst size=8

No. of Ramp-up Ramp-up Running Running
Subtasks Time (sec) Time (sec) Time (sec) Time (sec)

Prefetching No prefetching Prefetching No prefetching
1 406 590 2308 2520
2 825 979 2302 2190
5 939 1575 2584 2197

TABLE V

EFFECT OF PREFETCHING AND M INIMUM NUMBER OF SUBTASKS

V. CONCLUSIONS AND FUTURE WORK

We have designedan autonomicschedulingalgorithm in
which multi-threadedagentswith strongmobility form a tree-
structuredoverlaynetwork. The structureof this treeis varied
dynamically such that the nodesthat currently exhibit good
performanceare brought closer to the root, thus improving
the performanceof the system.

Weexperimentedwith schedulingamassively parallelappli-
cationwhosedatainitially residesat onelocation,andwhose
subtaskshave considerabledata transfer times. The experi-
mentswereconductedon a setof machinesdistributedacross
Ohio. Nodeswereevaluatedon the basisof their throughput.
Extensive analysisof theperformanceof thescheme's various
mechanismsshow the feasibility of the approach.

Therehasbeensomeresearchon the problemof assigning
friend-lists [32], [33], and we will consider how best to
apply this to our own work. We will also experimentwith
incorporatingan interruptible-communicationmechanism[16]
into our scheme.

While this paper concentratedon a scheduling scheme
for independent-taskapplications,we will experiment with
adaptingthealgorithmfor awideclassof applications.It is our
intentionto presenta desktopgrid userwith a simplesoftware
interfacethat will allow him/her to customizethe scheduling
schemesto the characteristicsof an application.

The experimentalplatform was a set of 18 heterogeneous
machines.In future,we plan to harnessthe computingpower
of idle machinesacrossthe Internet — at the Ohio State
University in particular— to createa desktopgrid of a scale
of the tensor hundredsof thousands.Researcherswill thenbe
free to deploy scienti�c applicationson this system.
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Self-adjustment Ramp-up Running
Function Time (sec) Time (sec)
Linear 1068 2302
Constant 1142 2308
Exponential 681 2584

TABLE VI

EFFECT OF SELF-ADJUSTMENT FUNCTION
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