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Abstract

Grid information disseminationprotocols distribute infor-
mationaboutthe dynamicstateof computationaresouces
throughoutinterconnectedwide area Grids. Performance
metricsfor theseprotocolsincludethe overheadof informa-
tion padkets,andthe accuracyof theinformationat thetime
it is usedto scheduleapplications. Our previouswork ad-
vocatednon-uniformprotocolsto keepdisseminatiorocal
to theinformationsource asa methodof keepingoverhead
manaeablewhile achieving adequatefreshnessnd accu-
racy. This paperconsides the problemof providing better
contmol over the disseminatiorof informationandin uenc-
ing the “coverage footprint” that de nes whete the infor-
mationreadeswithin the Grid. The paperdescribesvork
thatinvestigateshe coverage characteristicsof existing pro-
tocolsand re nes and combinesheminto hybrid protocols
thataremore contmwllable. We considetthisworkto beanec-
essarysteptoward adaptivedisseminatiomprotocolsthatwill
be ableto reactto the stateof Grid resoucesto change dy-
namicallyhowandwhee informationis disseminatedThis
in turn will increasethe effectivenessf Grid schedules un-
dervariousload levelsanddistributions?

1 Intr oduction

ComputationalGrids will increaseby ordersof magnitude
the amountof interconnectedomputingresourcegeadily
availablefor useby scientistsand programmerswith com-
putationallydemandingapplications.In orderto effectively

schedulesuch applications,Grid schedulersrequire fresh
and accurateinformation aboutGrid resources.The prob-
lem of tracking dynamicresourcestatesis extremely chal-
lengingbecausef the large numberof resourcestheir dy-

namic state,andthe mary candidateschedulingpoints. In

our model,resourceproactively disseminatestateinforma-
tion periodically

1This researchs supportecby AFRL contractFA8750-04-1-0054NSF
Award ACI-0133838andDOE GrantDE-FG02-02ER25526.
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Thesizeof computationaGridsmakesmary possibledis-
seminatiorapproachesmpractical. Optimizedmulticastre-
ducesoverhead but requiresGrid nodesto maintaintopol-
ogy information to build and track the multicasttree [1].
Floodingprovidesa simplelocalizedsolution,but hasanex-
tremelyhigh overhead. Gossipingprotocols[9] andrandom
walks[6] mayresultin uncontrollabldossof coverage.

Ideally, schedulersvould have justenoughinformationto
scheduleapplicationsandto effectively balancetheload. In
previous work [4], we adwocatednon-uniforminformation
disseminationto capitalizeon a generabbsenationthatin-
formation aboutGrid resourcess of greaterinterestto the
nearbyclient population. This resultsin lightweightinfor-
mationdisseminatiorthatmaintaingheresourcestateinfor-
mationwith high accurag whereit will be mostbene cial.

To meetdiverseresource-speci aequirementsdissem-
ination protocolsshouldbe dynamicand con gurable. To
control disseminationjdeally Grid designersvould simply
manipulatgforwardingprobabilities.Unfortunately detailed
analysigevealsthatthecoveragepatternf ourprotocolsdo
not follow intuition, ratherthey exhibit unpredictableover
age.

Our goal then, is to develop protocolswith more con-
trollable coverageto enableresourceprovidersto determine
the footprint of dissemination. Controlling the dissemina-
tion footprintis importantfor severalreasonsFirst, different
providerswill havedifferentrequirements$or dissemination.
Second,we view controllability asa necessaryprerequisite
for adaptie disseminatiorprotocols. Only adaptve proto-
cols,which dynamicallyalterthe aggressienesawvith which
informationis disseminatedyill beableto reactto changing
Grid loadcharacteristicsControllability in andof itself may
not be sufcient, but we feel thatit is certainlya necessary
attributefor building adaptve protocols.

The rst contribution of this paperis to shav thatthe ef-
fect of the forwardingprobabilitieson the network coverage
achieved by basicprotocols[4] is complex and hon-linear
We shaw thata smallrangeexist wheresmallchange®f for-
wardingprobabilitiesresultin large changesn the coverage
patterns.Thesecondcontribution of this paperis to propose



hybrid protocolsthatsynthesizalesiredcoveragepatternsy
changingthe forwardingprobabilitiesat differenthopsfrom
the sourceto bestmatchthe desiredcoverage.

Our protocolsaresimilarto gossiping(e.g.,[5]) which at-
temptsto cover anentirenetwork with reducedoverheadvia
probabilisticforwarding.However, our work adoptstheidea
of non-uniforminformationdissemination[10] [4] to cover
local nodesmoreaggressiely. Butt et. al. proposed ock-
ing” [2] of Condorpools,combinedwith the Pastry[8] peer
to-peeroverlay for scalablediscovery of resources.Pastry
is locality-awvare, so Condorendsup mappingresourcere-
guestdo nearbyCondorpoolsthatcanservicethem,keeping
applicationdeploymenttime down. This approachachieses
non-uniformityin a differentway thanthe randomizedpro-
tocolsthat we characterizen Section2; however, Condor
sharesour goal of servicingrequestdocally. Mahesvaran
et. al.[7] alsosharethe approactof associatindnighervalue
with nearbyinformation. They introducethe notionof “Grid
potential, whichweighsa Grid resources capabilitywith its
distancefrom the application“launch point”. The authors
proposeandstudythe tradeofs betweenrnthreedifferentpro-
tocols,but do not considercontrollability asa metric.

2 CoverageAnalysis of Existing Protocols

In this section,we describethe basicBiasedand Unbiased
protocols[4] andanalyzetheir coveragepatternsasa func-

tion of the forwarding probability . Coverage s de-

ned astheaveragepercentagef nodesatdistance froma

sourcethatreceie a disseminategaclet.

Unbiased(Gossiping)Protocol: In this protocol,thefor-
warding probability is constantat all nodes,no mattertheir
distancefrom the source. Coverageanalysis indicatesthat
for largevaluesof , the disseminatedhformationreaches
almostall of thenodesn theoverlay(Figurel shavsthis ef-
fectfor arandomtopologyof 1000nodes) Thecoverages
not responsie to the forwarding probabilitiesin this range;
thisis consistentvith the known bimodaleffect of gossiping
protocols[5]. For , thedisseminatiorcoversmore
than80% of the nodes.Varyingthe sizeandtopologyof the
network shaws similartrends:thecoverages affectedby the
connectvity of the network, but in general high forwarding
probabilitiesdo notresultin non-uniformcoverage.

In Figure 2 we obsene that for lower valuesof , the
disseminatiorfootprint doesexhibit non-uniformcoverage;
in thisrange the coverageis highly sensitveto . For

, thereis high coverage( ) for theinitial
hops,andthereaftetthe coveragedropsgraduallywith each
hop. For , thecoverages high for theinitial
hopsandthenit dropsfrom 85% (atthe  hop)to 20% (at

2We usea custommessage-ieel simulatorfor all studiesin this paper;

the simulatorabstractsaway lower level network detailsin favor of ef-
cieny [3].
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the hop). We arguethat the “footprints” obtainedwith

thesevaluesfor  arestatic;the resourceprovider doesnot

havethe e xibility to de ne thecoveragepattern.Therefore,

if theresourcalisseminatioomodelrequireshighercoverage

for  hops(where ), low valuesof cannotachieve

this. And asdescribedkarlier increasing totry to increase
resultsin uniform (full) coverage.

Coverage plots for high probability values for node s233: coverage 82% 90% 96% 85%
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Figure 1. Coverage (High Prob.)
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Figure 2. Coverage (Low Prob.)

BiasedProtocol: This protocolusesthe following func-
tion at eachhop to determinethe forwarding probability:
, where is someconstant(typically the
network diameter)and indicatesnodei' s distance
from the sourcealongthepaththroughwhich the pacletwas
recevved. Becauseof the way the Biasedfunctionis setup,
for relatively large valuesof , the forwardingprobabilities
attheinitial hopsarehigh, andthereforethe coveragein
theseinitial hopsis uniform. After these hops,the source
cannotcontrolthe coveragepattern.
The effect canbe seenin Figure1l wherecoverageis al-
most100%for initial hops. After that, the coverage
dropsquickly. Thus,the Biasedprotocolis alsonot source



controllable sincegivenan estimateof high coveragein the
initial  hops(where ), the sourcecannot con gure
the protocolto obtainthedesiredhigh coveragen  hops.

3 AddressingProtocol Limitations

The Unbiasedand Biasedprotocolsde ne staticfootprints;
theresourceprovidercannotcontroldisseminatiorcoverage.
In this sectionwe addresshatlimitation by proposinga Hy-

brid protocolthatusesdifferentvaluesof — atdifferentdis-

tancesrom the sourceto bestmatchthedesiredcoverage.

Coverage plots for different probability values for node s233: coverage 36% 54% 629 75% 79%
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Figure 3. Random Toplogy: Coverage
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Figure 4. Mesh Topology: Coverage

Figure 3 shows the coveragecharacteristicof a coarse
Hybrid protocolon the randomtopology previously usedin
Section2. Theresourcerovider (nodes233in the overlay)
con guresthe Hybrid protocolwith for theinitial

hops. For hops,we usedifferentvaluesof
to obsene the coveragepatterns We notethatour
selectionof is guidedby the factthatvaluesof
morethan0.65canresultin uniform coverageasdiscussed
in the previoussection.A comparisorof this graphwith the
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coveragegraphsof purenon-uniformprotocolspresentedn

Figuresl and 2 suggestghat the Hybrid protocol offers a
high degreeof freedomto the resourceprovider in selecting
thecoveragdootprint. Thisprotocolavoidsthetwo extremes
of coverage full coverageanduncontrolledlocal coverage.
We arguethatnoneof the purenon-uniformprotocolscould
have providedthe typesof footprintsthatthe Hybrid proto-
col offers. With lower valuesof  after hops,the drop
in coverageis steepascanbe seenfrom the curve of 0.40.
If the coveragerequirementst intermediatenodesarehigh,

highervaluesof could be used.We shav the coverageof

the Hybrid protocol on a 1000 node 20-by-50meshtopol-

ogy in Figure4. In this case,the resourceprovider (node
s521in the overlay) con guresthe protocol with

for hops. The resultshereshav a similar trend to

therandomtopology Thesegraphsprovide insightinto the
possiblemechanism$or adaptve dissemination.

In arealisticapplication,the informationdistribution re-
guirementanight be more sophisticatedhenthe two phase
con guration studiedabove.

To motivatethe problem considerthefollowing threedif-
ferentscenarios(i) A supercomputingenterlocatedon the
eastcoastmight decidethat it needsto sene all userson
the eastcoast,60% of usersin the midwestregion, 40% of
usersin the southernregion, and 20% of userson the west
coast(labelled”Supercomputerin Figure5(a)). (i) A 32
node clusterowned by a university ComputerSciencede-
partmentmight wish to facilitate scienti ¢ researcranden-
couragenterdisciplinarycollaboratiorby makingthecluster
availableacrossthe campusandat all otheruniversitieslo-
caltedwithin 200 miles (labelled“Cluster” in Figure 5(b)).
(iii) Finally, acompauty providing acomputatioron demand
servicethroughits high pricedclusterof 256 nodesmaywish
to maximizepro t by attractingas mary usersas possible.
After anindepthanalysisof cost-bene tratio, the compary
executvesdecideto adwertiseaggressiely in four neighbor
ing statesto 80% of usersin the next six statesandto just
10% of usersfrom the remainingstates. (This scenariois
labelled“Organization”in Figure5(c)).

In eachof theabove gures, thedashedine representthe
network-centricfootprintthattheapplicationdesiresandthe
solid line represents curve obtainedusinga Hybrid proto-
col. Figure5 demonstratethatthe Hybrid protocolcanbe
con guredto closelymatchvariedcoveragerequirements.

The exibility offered by the Hybrid protocol makesit
possibleto con gure the degreeof localization. This leads
usto considerntwo possibledisseminatiorstratgyies. Oneis
wherewe useaggressie forwardingfor smallnumberof ini-
tial hopsandusehigh probabilityafter hops. The other
is to useaggresasie forwardingfor high numberof initial
hopsanduselow probability after hops. In general,we
obsenethatkeepingthevalueof smallandusinghighfor-
wardingprobabilitiesat laterhopsresultsin almostthe same
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Figure 5. Coverage characteristics for three sample scenarios

coverageat a considerablyower overheadhanby choosing
a high value of andthen using small forwarding proba-
bilities at later hops. In our experimentswe obsered that
when is setto andthe forwarding probability is setto

, thecoverageat hopsis at an overheadof ap-
proximately paclets.Ontheotherhand,to obtain
coverageat nodes25 hopsaway from the sourcewhen is
setto  (with forwarding probability afterwords), an
overheadf approximately pacletsis incurred.Dueto
spaceconstraintsye have presenteanly onerepresentatie
scenarioover here. We refer readersto [3] for detailedre-
sults on this study as well as more detailedanalysisof the
proposedrotocolsin this paper

4 Summary and Future Work

Our previously proposedandomizeddisseminatiorproto-
cols assumedhat coveragecan be directly controlled by
settingforwardingprobabilitiesto x edor linearly decreas-
ing levels. However, we shav thatthe relationshipbetween
forwarding probabilitiesand coverageis complex. Specif-
ically, coverageis not sensitve to forwarding probabilities
at high probability rangesnor at low probability ranges. It
is only sensitve to themin a relatvely small rangewhere
small changeof forwarding probabilitiescanleadto large
changedn achieved coverage. As a result, we proposeto
controlthedisseminatioriootprint by settingthe forwarding
probabilitiesto valuesthatbest t the desiredcoverage.We
shav usingexampleshow differentapplication-desireébot-
prints canbe achieved at low overhead.This controllability
is animportantcapabilitythatis necessarybut notnecessar
ily sufcient) for adaptve control of disseminatiorto opti-
mize schedulingn thefaceof changingGrid resourcestates
andquerygeneratiorpatterns We planto usethis work asa
building block in our futurework on adaptve dissemination
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protocols.
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