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Abstract— Desktop grids have recently been usedto perform
some of the largest computations in the world and have the
potential to grow by several more orders of magnitude. However,
current approachesto utilizing desktop resourcesrequire either
centralized sewvers or extensve 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 from current models,we
ervision large-scaledesktop grids in which agentsautonomously
organize themseles 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 sametime, the design of the un-
derlying infrastructur e is greatly simpli ed, resultingin a system
that naturally lends itself to a true peerto-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 presenta 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.

|. INTRODUCTION

Someof the largestcomputationsn the world have been
carried out on collectionsof PCsand workstationsover the
Internet. Tera- op levels of computationalpower have been
achieved by systemscomposedof heterogeneousomputing
resourcesthat numberin the hundreds-of-thousand® the
millions. Theselarge distributed systemsthat allow Internet
Computingare often referredto as DesktopGrids, and allow
scientiststo run applicationsat unprecedentedcalesand at
greatlyreducedcosts.While impressie, theseefforts only use
atiny fraction of the desktopsonnectedo the Internet.Order
of magnitudeimprovementscould be achieved if novel sys-
temsof organizationof the computationwereto beintroduced
that overcomethe limits of presentsystems.

In this paper we describea novel infrastructuredesigned
from scratchto maximizethe utilization of large desktopgrids.
The questionswe have tried to answerare:

Whatis the bestmodel of utilization of a systembased

How shouldthe systembe designedn orderto malke it
consistentvith the grid computingidealsof computation
asa ubiquitousand easily accessiblautility?

Theplanetaryscaleof Internetcomputingcannotbehandled
by traditionalgrid schedulingmodels[1], [2], [3], [4], andgoes
beyond the range of current centralizedand master/vorker
solutions[5], [6], [7], [8], [9], [10Q], [11], [12], [13], [14]. A
new approachs neededhatcanorganizecomputatioraccord-
ing to a completelydecentralizednodel. Given the different
requirement®f differentclasse®of applicationssucha model
must be easily customizableand deployable.In addition,due
to the extremelydynamicnatureof the underlyingsystemary
realistic solution must be capableof autonomouslyadapting
to currentsystemconditions.

Nature provides numerousexamplesof complex systems
comprisingmillions of organismsthat organizethemselesin
anautonomousadaptie way to producecomple patternsin
thesesystemstheemegenceof complex patterngderivesfrom
the superpositionof a large numberof interactionsbetween
organismsthat have relatively simple behaior. In order to
apply this approachto the task of organizing computation
over complex systemssuchas desktopgrids, onewould have
to devise a way of breakinga large computationinto small
autonomoushunks,and then endaving eachchunkwith the
appropriatebehaior.

Our approachis to encapsulateomputationand behaior
into mobile agents.A similar conceptwas rst explored by
Montresoret al. [15] in a project shaving how an ant algo-
rithm could be usedto solve the problemof dispersingtasks
uniformly over a network. In our approach,the behaior is
designedo producedesirablepatternsof executionaccording
to currentgrid engineeringprinciples. More speci cally, the
patternof computatiorresultingfrom the syntheticbehavior of
our agentsre ects somegeneralconceptsaboutautonomous
grid schedulingprotocolsstudiedby Kreasecket al. [16]. Our
approactextendspreviousresultsby shaving i) how the basic
conceptscan be extendedto accommodatehighly dynamic
systemsandii) a practicalimplementatiorof theseconcepts.

One consequenceof the encapsulationof behaior and
computationinto agentsis thatthey canbe easily customized
for different classesof applications.Another desirablecon-
sequences that the underlyingsupportinfrastructurefor our

on the hanestingof idle cyclesof hundreds-of-thousands systemis extremely simple. Therefore our approachmaturally
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lendsitself to a true peerto-peerimplementationwhereeach
node can be at the sametime provider and user of the
computing utility infrastructure.Our schemecan be easily
adaptedo the casewherethe sourceof computation(the node



initiating a computingjob) is differentfrom the sourceof the
data.

The main contributions of 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 systemandiv) the performancesvaluationof our
designusingmetricsappropriatefor assessingelf-oganizing
desktopgrids.

The purposeof this work is the initial exploration of a
novel concept,and as such it is not intendedto give a
guantitatve assessmertf all aspectsandimplicationsof our
new approachlin particular detailedevaluationsof scalability
degreeof toleranceo faultsandadaptvity to rapidly changing
systemshave beenleft for future studies.

I1. BACKGROUND AND RELATED WORK
A. Peerto-Peer and Internet Computing

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-scalesfforts
like GIMPS [5], SETI@home[6] and folding@home [7]
feasible.Recently commercialsolutionssuchas Entropia[8]
and United Devices[18] have alsobeendeveloped.

The ideaof combininglnternetand peerto-peercomputing
is attractve becauseof the potential for almost unlimited
computationapower, low cost,easeanduniversalityof access
— the dream of a true ComputationalGrid. Among the
technicalchallengegosedby suchanarchitecturescheduling
is oneof the mostformidable— how to organizecomputation
on a highly dynamicsystemat a planetaryscalewhile relying
on a nggligible amountof knowledgeaboutits state.

B. Sdceduling

Decentralizedgchedulings a eld thathasrecentlyattracted
considerableattention. Two-level schedulingschemeshave
beenconsidered19], [20], but theseare not scalableenough
for the Internet. In the scheduling heuristic describedby
Leangsuksuret al. [21], every machineattemptsto maptasks
on to itself aswell asits K bestneighbors.This appeargo
requirethat 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 schemds practicalin large-scaleand dynamic
ervironments.

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 demand22]. While conceptuallydecentralized,
if implementedthis schemewould require the equivalent of
centralizeccommoditymarkets(or banks,auctionhousesetc.)
where offer and demandmeet,and commodity pricescan be
determined.

Recently a new autonomousnddecentralizedpproacho
schedulinghasbeenproposedo addresspeci cally the needs
of large grid and peerto-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 systemsendstasksto and
recevesresultsfrom its K bestneighborsaccordingto band-
width constraintsOne shortcomingof this schemds thatthe
structureof the tree, and consequentlythe performanceof
the system,dependscompletelyon the initial structureof the
overlay network. This lack of dynamismis boundto affectthe
performanceof the schemeand might also limit the number
of machineghat can participatein a computation.

C. Self-Oganizationof Complex Systems

The organizationof mary complex biological and social
systemshasbeenexplainedin termsof the aggreyationsof a
large numberof autonomougntitiesthat behae accordingto
simple rules. According to this theory complicatedpatterns
can emege from the interplay of mary agents— despite
the simplicity of the rules [23], [24]. The existenceof this
mechanismoftenreferredto asemepgence hasbeenproposed
to explain patternssuchas shell motifs, animal coats,neural
structuresand social behavior. In particular certaincomplex
behaiors of socialinsectssuch as antsand beeshave been
studiedin detail, andtheir applicationsto the solution of spe-
ci ¢ computerscienceproblemshasbeenproposed15], [25].
In a departurefrom the methodologicabpproachfollowed in
previous projects,we did not try to accuratelyreproducea
naturallyoccurringbehaior. Ratherwe startedwith a problem
andthendesigneda completelyarti cial behaior that would
resultin a satishctory solutionto it. Our work was inspired
by a particularversionof the emegenceprinciple calledLocal
Activation, Long-rangelnhibition (LALI), which wasrecently
shawn to beresponsibldor theformationof a complex pattern
using a clever experimenton ants[26].

D. Stiongly Mobile Agents

To make progressn the presenceof frequentreclamations
of desktopmachinesgcurrentsystemsrely on differentforms
of checkpointing:automatic,e.g., SETI@homeor voluntary,
e.g., Legion. The storageand computationaloverheadsof
checkpointing put constraintson the design of a system.
To avoid this dravback, desktopgrids needto supportthe
asynchronousand transparentmigration of processescross
machineboundaries.

Mobile agentq27] 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
schedulingand communicatiorwith otheragents.

The majority of the mobile agentsystemsthat have been
developeduntil now are Java-based However, the execution
modelof the Java Virtual Machinedoesnot permitan agentto
accesdts executionstate,which is why Java-basedmobility
libraries canonly provide weakmobility [28]. Weak mobility
forcesprogrammergo usea dif cult programmingstyle.

By contrastagentsystemsawith strong mobility provide the
abstractionthat the execution of the agentis uninterrupted,
even as its location changes Applications where agentsmi-
gratefrom hostto hostwhile communicatingvith oneanother
are severely restricted by the absenceof strong mobility.
Strong mobility also allows programmerdo use a far more
naturalprogrammingstyle.

The ability of a systemto supportthe migrationof anagent
at ary time by an externalthread,is termedforced mobility.



This is essentialin desktopgrid systems,becauseowners
needto be able to reclaim their resourcesForced mobility
is dif cult to implementwithout strongmobility.

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

I1l. 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 parametesweeptemplateapplication,a class of
applicationsthat has beenfrequently studiedin the context
of Grid schedulingand for which a numberof resultsare
available.

One of the works that inspired our project was the
bandwidth-centrigorotocol proposedby Kreasecket al. [16],
in which a Grid computationis organizedaround a tree-
structuredoverlay network with the origin of the tasksat the
root. A treeoverlay network represents naturalandintuitive
way of distributing tasksand collectingresults.The dravback
of the original schemas that the performanceandthe degree
of utilization of the system dependentirely on the initial
assignmenbf the overlay network.

In contrastwe have developedour systemgo beadaptvein
the absenceof ary knowledgeaboutmachinecon gurations,
connectionbandwidths network topology and assumingonly
a minimal amountof initial information. While our scheme
is also basedon a tree, our overlay network keepschanging
to adaptto systemconditions.Our tree adaptatiormechanism
is driven by the perceved performanceof a nodes children,
measuredrassiely as part of the ongoingcomputation[31].
Fromthe point of view of network topology, our systemstarts
with a small amountof knowledgein the form of a “friends
list”, and then keepshbuilding its own overlay network on
the y . Information from eachnodes “friends list” is shared
with othernodesso the initial con guration of the lists is not
critical. The only assumptionwe rely uponis that a “friends
list” is availableinitially on eachnodeto prime the system;
solutionsfor the constructiorof suchlists have beendeveloped
in the context of peerto-peer le-sharing [32], [33] and will
not be addressedh this paper

The Local Activation, Long-rangelnhibition (LALI) rule
is basedon two typesof interactions:a positive, reinforcing
onethat works over a shortrange,and a negative, destructve
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-basethetric. In
our experiment,distanceis basedon the perceved throughput
which is some function of communicationbandwidth and
computationathroughput.Nodesareinitially recruitedusing
the “friends list” in a way that is completely oblivious of
distance thereforepropagatingcomputationon distantnodes
with sameprobability as closeones.During the courseof the
computationagentsbhehaior encourageshe propagationof
computationamongwell-connectechodeswhile discouraging
the inclusion of distant(i.e. lessresponsie) agents.

The methodologywe followed to designthe agentbehavior
is as follows. Using an engineeringapproach,we selected

a tree-structuredverlay network as the desirablepatternof

execution. We empirically determinedthe simplestbehaior

that would organizethe communicationand task distribution

among mobile agentsaccordingto that pattern. We then

augmentedhe basicbehaior in a way that introducedother

desirableproperties.With the total computationtime as the

performancemetric, every addition to the basic schemewas

separatelyevaluatedandits contribution to total performance,
guantitatvely assessed.

Onesuchpropertyis constantadaptation.The overlay tree
is incrementallyrestructuredduring the computationso asto
adjustit to the performanceof the nodes.Another property
is the performancemonitoring of child nodes.We assumed
that no knowledgeis available on the system,thereforechild
performanceis determinedusing feedback.Other functions
that were found to be critical for performancewere the
automatiodeterminatiorof parametersuchasprefetchingand
task size, the detectionof cycles,the detectionof deadnodes
andthe end of the computation.

Although our schemeis generalenoughto accommodate
several different classesof applications,we focus on the
solutionto oneparticularproblemin this paperthescheduling
of the independentidentical subtaskf an independent-task
application(ITA) whosedatainitially residesat onelocation.
Thesizeof individual subtasksandof their resultsis large,and
sotransfertimescannotbe neglected.The applicationthat we
have usedfor our experimentds NCBI's nucleotide-nucleotide
sequenceomparisontool BLAST [34].

B. Basic Agent Design

A large computationaltask is written as a strongly mo-
bile agent. This task should be divisible into a number of
independensubtasksA userstartsup the computationagent
on his/hermachine.Onethreadof the agentbegins executing
subtaskssequentially The agentis also preparedto receve
requestgor work from othermachineslf the machinehasary
uncomputedsubtasksand receves a requestfor work from
anothermachine,it sendsa clone of itself to the requesting
machine.The requesteiis now this machines child.

The clone asksits parentfor a certainnumberof subtasks
to work on, s. A threadbeginsto computethe subtasksOther
threadsare created— when required — to communicate
with the parentor other machinesWhen work requestsare
receved, the agentdispatchests own cloneto the requester
The computationspreadsn this manner The topology of the
resultingoverlaynetwork is atreewith theoriginatingmachine
at the root node.

An agentrequestsits parentfor more work when it has
executedits own subtasksEven if the parentdoesnot have
the requestedchumberof subtasksit will respondandsendits
child whatit can.The parentkeepsa recordof the numberof
subtaskghatremainto be sent,andsendsa requesto its own
parent.Every time a nodeof the tree obtainsr results,either
computedby itself or obtainedfrom a child, it sendsthem
to its parent.This messagéncludesa requestfor all pending
subtasks.

C. Maintenanceof Child-lists

A nodecannothave an arbitrarily large numberof children.
Sincethe datatransfertimesof the subtasksarelarge, a node
might have to wait for a very long time for its requestto be



satis ed. Therefore gachnodehasa x ednumberof children,
¢. The numberof childrenalsoshouldnot be too small so as
to avoid deeptreesandlong delaysin datapropagation.

Thesechildrenareranked on the basisof their performance.
The performancemetricis application-dependenior an ITA,
achild is evaluatedon the basisof therateatwhich it sendsin
results.When a child sendsr results,the node measureghe
time-intenal since the last time it sentr results.The nal
result-rateof this child is calculatedas an average of the
last R suchtime-intenals. This rankingis a re ection of the
performanceof not just a child, but of the entire subtreewith
the child nodeat its root.

In additionto c children,a nodecanalsobe the parentof p
potentialchildren. Theseare childrenwhich this nodehasnot
yet beenable to evaluate.When a potential child doessend
enoughresultsto this node,it is addedto thelist of the nodes
children.If thenodenow hasmorethanc children,the slowest
child, sc¢ is removed from the child-list. As describedbelow,
scis thengivenalist of othernodeswhichit cancontactto try
and get back into the tree. The currentnode keepsa record
of the last o former children, and sc is now placedin this
list. Nodesare removed from this list oncea sufcient, user
de nedtime periodelapseskor thatinterval of time, messages
from sc will be ignored.This avoids thrashingand excessie
dynamismin the tree.

D. Restructuringof the Overlay Network

The topology of the overlay network is a tree and it is
desirablefor the best-performingrodesto be closeto theroot.
This principleis applicabledown the entiretree.In the caseof
anITA, this minimizesthe communicatiordelay betweenthe
root andthe bestnodes,i.e., the overlay network is structured
so thatthe nodeswith the highestthroughputare closeto the
root, pushingthosewith low throughputtowardsthe leaves.

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

When a node updatesits child-list and decidesto remove
its slowest child, sc it doesnot simply discard the child.
It preparesa list of its children in descendingorder of
performance,.e., slovest node rst. The list is sentto sg
which attemptsto contactthosenodesin turn. Sincethe rst
nodesthatare contactechrethe slower 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-turst, or a result-turstof size 1, 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-lurstintervals and from settingr, the
result-turst burst size, to be greaterthan 1. 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 valuesbecausehe overlay network would take too
muchtime 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 disconnectedrom the tree. A nodemustbe ableto
contactits parents ancestorsf necessaryEvery node keeps
a list of a of its ancestorsThis list is updatedevery time its
parentsendsit a message.

A child waitsa certainuserde ned time for aresponsafter
sendinga messagéo its parent— thea-th nodein its ancestor
list. If the parentis able to respond,it will. The child will
receve the responsecheckwhetherits requestwas satis ed
with any subtasksand begin waiting againif thatis not the
caself noresponsés obtainedwithin the timeoutperiod,the
child sendsa messageo the (a - 1)-th nodein thatlist. This
goeson until an ancestoresponddo this nodes request.The
ancestotbecomeghe parentof the currentnode and normal
operationresumeslf a nodes ancestofist goesdown to size
0, the computationagenton that node self-destructsand a
stationaryagentbegins to sendout requestdor work to a list
of friends.

G. Cyclesin the Overlay Network

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 avoided by having eachnodeexamineits ancestor
list onreceving it from its parent.If anode nds itself in that
list, it knows that a cycle hasoccurredand its computation
agentself-destructs.

If the cycle involves a very large number of nodes,the
ancestodist may be too small to include the current node.
A node also keepstrack of the total time that has elapsed
sinceit last receved a subtask.If that time exceedsa user
de ned limit, a cycle is assumedo have taken shapeandthe
computationagenton the nodedestrgys itself.

H. Termination

The root of the tree determinesvhen the computationhas
terminated.It sendsa termination messageto each of its
actual,potentialand former children. The computationagent
on theroot thenself-destructsThe childrenof the root do the
same.Terminationmessagespreaddown to the leaves and
the computationterminatesThereare two scenariosn which
terminationcould be incomplete:

A termination messagemight not reach a node. The
situationis the sameasthatdescribedn Subsectionill-F.

Considerthat computationagentsare executingon nodes
nl and n2 nl receves a termination messagebut n2
doesnot becauseof a failure. The agenton nl destrys
itself. n1 now sendsrequestmessageso its friends. If

one of theseis n2, a clone of n2s agentis sentto
nl An unchecled spreadof computationwill not occur
becauseagentssendout clonesonly if they do not have
ary uncomputedsubtasksnl1 andn2 will eventuallyrun
out of subtasksand destry themseles as explainedin

Subsectionll-F.

I. Self-adjustmenof TaskList Size

A node always requestsa certainnumberof subtasksand
obtainstheir resultsbeforerequestingmore subtaskso work
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on. However, in an ITA-type application,the utilization of a
high-performancemachine may be poor becauseit is only
requestinga x ed numberof subtasksat a time.

A nodemay requestmore subtasksn orderto increasethe
utilization of its resourcesA noderequestsa certainnumber
of subtaskst, thatit will computeitself. Onceit has nished
computingthe 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, wherei and d are increasingand decreasingunctions,
respectiely.

J. Prefetding

A nodedeterminesthat it shouldrequestt subtasksfrom
its parent.lt alsomakesan optimistic predictionof how mary
subtaskst might requirein future by usingthei functionthat
is usedfor self-adjustmentt+i(t) subtasksarethenrequested
from the parent.When a node nishes computingone set of
subtasksmoresubtasksrereadily availablefor it to work on,
even as a requestis submittedto the parent.

While prefetchingwill reducethe delay in obtaining nen
subtaskdo work on, it alsoincreaseshe amountof datathat
needsto be transferredat a time from the root to the current
node, thus increasingthe synchronizationdelay and data
transfertime. This is why excessiely aggressie prefetching
will resultin a performancedegradation.

IV. MEASUREMENTS

We have conductedxperimentgo evaluatethe performance
of eachaspectof our schedulingscheme.The experiments
were performedon a cluster of eighteenheterogeneouma-
chinesat different locationsaroundOhio. The machinesran

[ ParameteMName | ParameteValue |
Maximum children 5
Maximum potentialchildren 5
Result-lurst size 3
Self-adjustment linear
Numberof subtasks 1
initially requested
Child-propagation On

TABLE |
ORIGINAL PARAMETERS

Number of Nodes
=
o

ORNWAUION®O

0 50 100 150 200

Time(sec)

250 300 350 400

Fig. 3. CodeRamp-up

theAglets weakmobility agentervironmenton top of either
Linux or Solaris.

The applicationwe usedto test our systemwas the gene
sequenceaimilarity searchtool, NCBI's nucleotide-nucleotide
BLAST [34]: an independent-taskpplication.The task was
to match a 256KB sequenceagainst320 data chunks,each
of size 512KB. Each subtaskwas to match the sequence
againstonechunk.All eighteenmachinesvould have offered
good performanceas they all had fast connectionsto the
Internet,high processospeedsandlarge memoriesin orderto
obtainmoreheterogeneityn their performancewe introduced
delaysin the applicationcode so that we could simulatethe
effect of slower machinesandslower network connections\We
divided the machinesinto fast, mediumand slow cateories
by introducingdelaysin the applicationcode.

As shown in Figure 4, the nodeswere initially organized
randomly The dottedarraws indicatethe directionsin which
requesimessagefr work weresentto friends.The only thing
a machineknew abouta friend wasits URL We ranthe com-
putationwith the parametersiescribedn Tablel. Linear self-
adjustmenmeanghattheincreasinganddecreasindunctions
of the numberof subtasksequestecht eachnodeare linear.
The time requiredfor the codeandthe rst subtaskto arrive
atthedifferentnodescanbe seenin Figure3. Thisis thesame
for all the experiments.

A. Comparisonwith Knowledge-basedStheme

The purposeof thesetestsis to evaluate the quality of
the con guration which is autonomouslydeterminedby our
schemefor differentinitial conditions.

Two experimentswere conductedusing the parametersn
Table I. In the rst, we manually createda 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.
We considera goodcon gurationto beonein whichfastnodes
arenearertheroot. Figuresl and 2 representhe startandend
of this experiment.The nal treecon guration shows thatfast
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Con guration Running Scheme| Running
Time (sec) Time (sec)
original 2294 With 2294
good 1781 Without 3035
TABLE 1 TABLE 11l

EFFECT OF PRIOR KNOWLEDGE EFFECT OF CHILD PROPAGATION

nodesare kept nearthe root andthat the systemis constantly
re-evaluatingevery nodefor possiblerelocation(asshavn by

the threerightmostchildrenwhich areunderevaluationby the

root).

We beganthe secondexperimentwith the completelyran-
dom con guration shavn in Figure 4. The resultingcon gu-
ration shawvn 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 and 3 would have beencomplete.

B. Effect of Child Propagation

We performedour computationwith the child-propagation
aspecibf the schedulingschemedisabled.Comparison®f the
runningtimesandtopologiesarein Tablelll andFigures5 and
6. Thechild-propagationrmechanisntesultsin a 32%improve-
mentin the runningtime. The reasonfor this improvementis
thedifferencein thetopologiesWith child-propagatioriurned
on, the best-performinghodesare closerto the root. Subtasks
andresultstravel to andfrom thesenodesat a fasterrate, thus
improving systemthroughput.

C. Result-lnrst size

The experimental setup in Table | was again used. We
thenran the experimentwith differentresult-lurst sizes.The
running times have beentakulated in Table IV. The child
evaluationsthat are madeby nodeson the basisof oneresult
are poor. The nodes'child-lists changefrequentlyandarefar
from ideal, asin Figure7.

There is a qualitatve improvementin the child-lists as
the result-turst size increasesThe structureof the resulting
overlay networks for result-turst sizes 3 is in Figures 5.
However, with very large result-lursts, it takes longer for
the tree overlay to form and adapt,thus sloving down the
experiment.This canbe seenin Figure 8.
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D. Prefetting and Initial Task Size

The dataramp-uptime is the time requiredfor subtaskso
reachevery single node.Prefetchinghasa positive effect on
this. Theminimumnumberof subtaskséhateachnoderequests
also affects the data ramp-up. The greaterthis number the
greaterthe amountof datathat needsto be sentto eachnode,
andthe slower the dataramp-up.This canbe seenin TableV.

Prefetchingdoesimproves the ramp-up,but of paramount
importances its effect onthe overall runningtime of anexper
iment. This is also closelyrelatedto the minimum numberof
subtasksequestedby eachnode.Prefetchingmprovessystem
throughputwhenthe minimum numberof subtasksequested
is one. As the minimum numberof subtasksrequestediy a
node increasesmore data needsto be transferredat a time
from the root to this node,and the effect of prefetchingbe-
comesngligible. As thisnumberincreasegurther, prefetching
actually causesa degradationin throughput. Table V and
Figure 9 summarizetheseresults.

E. Self-Adjustment

We ran an experimentusing the con guration in Table |
and then did the sameusing constantand exponential self-
adjustmenfunctionsinsteadof the linear one. The dataramp-
ups have been comparedin Table VI. The ramp-up with
exponentialself-adjustmenis appreciablyfasterthanthatwith
linear or constantself-adjustmentThe aggressie approach
performs better becausenodes prefetcha larger amount of
subtasksand subtaskgquickly reachthe nodesfarthestfrom
the root.



[ Result-lurst Size | RunningTime (sec) |

1 3050

3 2294

8 3020
TABLE IV

EFFECT OF RESULT-BURST SIZE
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We alsocomparedhe runningtimesof thethreerunswhich
arein TableVI. Interestinglytherunwith theexponentialself-
adjustmentperformedpoorly with respectto the other runs.
This is due to nodes prefetching extremely large numbers
of subtasks.Nodesnow spendmore time waiting for their
requeststo be satis ed, resulting in a degradationin the
throughputat that node.

The linear casewas expectedto perform better than the
constantone, but the obsenred differencewas insigni cant.
We expectthis differenceto be more pronouncedvith longer
experimentalruns and a 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 the maximumnumber
of childrensetto 10 or 20. Theseresultsarein TableVIl. The
root is able to take on more childrenin the latter casesand
the spreadof subtaskgo 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 childrensetto 5. This is becausechildrenhave to
wait for a longertime for their requestdo 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, respectiely. Since the overlay networks
were alreadyorganizedsuchthat therewould be little change
in their topology as the computationprogressedthere was
minimal impactof thesechangesn the overall runningtime.
Theeffectof thesizeof thechild-list wasthenclearlyobsened
asin TableVIIl. Similar resultswereobsered evenwhenthe
child-propagatiormechanismsvere turnedoff.
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e
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Fig. 8. Node Organization,Result-lurst size=8

= IS POTENTIAL CHILD OF

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 MINIMUM NUMBER OF SUBTASKS
V. CONCLUSIONS AND FUTURE WORK

We have designedan autonomicschedulingalgorithm in
which multi-threadedagentswith strongmobility form a tree-
structuredoverlay network. 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.

We experimentedvith schedulinga massiely parallelappli-
cationwhosedatainitially residesat onelocation,andwhose
subtaskshave considerabledata transfertimes. The experi-
mentswere conductedn a setof machinedistributedacross
Ohio. Nodeswere evaluatedon the basisof their throughput.
Extensve analysisof the performanceof the schemes various
mechanismshaow the feasibility of the approach.

Therehasbeensomeresearcton 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-communicatiomechanisnj16]
into our scheme.

While this paper concentratedon a scheduling scheme
for independent-taslapplications,we will experiment with
adaptinghealgorithmfor awide classof applicationslt is our
intentionto presenta desktopgrid userwith a simplesoftware
interfacethat will allow him/herto customizethe scheduling
schemedo the characteristicof an application.

The experimentalplatform was a set of 18 heterogeneous
machinesln future, we planto harnesgshe computingpower
of idle machinesacrossthe Internet — at the Ohio State
University in particular— to createa desktopgrid of a scale
of thetensor hundredof thousandsResearcherwill thenbe
free to deploy scienti ¢ 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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