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Abstract

Grid information disseminationprotocols distribute infor-
mationaboutthe dynamicstateof computationalresources
throughoutinterconnectedwide area Grids. Performance
metricsfor theseprotocolsincludetheoverheadof informa-
tion packets,andtheaccuracyof theinformationat thetime
it is usedto scheduleapplications. Our previouswork ad-
vocatednon-uniformprotocolsto keepdisseminationlocal
to the informationsource, asa methodof keepingoverhead
manageablewhile achieving adequatefreshnessand accu-
racy. This paperconsiders the problemof providing better
control over the disseminationof informationand in�uenc-
ing the “coverage footprint” that de�nes where the infor-
mationreacheswithin the Grid. Thepaperdescribeswork
that investigatesthecoveragecharacteristicsof existingpro-
tocolsand re�nes and combinestheminto hybrid protocols
thataremorecontrollable. Weconsiderthisworktobeanec-
essarysteptoward adaptivedisseminationprotocolsthatwill
beableto reactto thestateof Grid resourcesto change dy-
namicallyhowandwhere informationis disseminated.This
in turn will increasetheeffectivenessof Grid schedulersun-
dervariousload levelsanddistributions.1

1 Intr oduction

ComputationalGrids will increaseby ordersof magnitude
the amountof interconnectedcomputingresourcesreadily
available for useby scientistsandprogrammerswith com-
putationallydemandingapplications.In orderto effectively
schedulesuch applications,Grid schedulersrequire fresh
andaccurateinformation aboutGrid resources.The prob-
lem of trackingdynamicresourcestatesis extremelychal-
lengingbecauseof the large numberof resources,their dy-
namicstate,and the many candidateschedulingpoints. In
our model,resourcesproactively disseminatestateinforma-
tion periodically.

1This researchis supportedby AFRL contractFA8750-04-1-0054,NSF
AwardACI-0133838andDOEGrantDE-FG02-02ER25526.

Thesizeof computationalGridsmakesmany possibledis-
seminationapproachesimpractical.Optimizedmulticastre-
ducesoverhead,but requiresGrid nodesto maintaintopol-
ogy information to build and track the multicast tree [1].
Floodingprovidesasimplelocalizedsolution,but hasanex-
tremelyhighoverhead.Gossipingprotocols[9] andrandom
walks[6] mayresultin uncontrollablelossof coverage.

Ideally, schedulerswouldhavejustenoughinformationto
scheduleapplicationsandto effectively balancethe load. In
previous work [4], we advocatednon-uniforminformation
dissemination,to capitalizeon a generalobservationthatin-
formationaboutGrid resourcesis of greaterinterestto the
nearbyclient population. This resultsin lightweight infor-
mationdisseminationthatmaintainstheresourcestateinfor-
mationwith highaccuracy whereit will bemostbene�cial.

To meetdiverseresource-speci�crequirements,dissem-
ination protocolsshouldbe dynamicand con�gurable. To
control dissemination,ideally Grid designerswould simply
manipulateforwardingprobabilities.Unfortunately, detailed
analysisrevealsthatthecoveragepatternsof ourprotocolsdo
not follow intuition, ratherthey exhibit unpredictablecover-
age.

Our goal then, is to develop protocolswith more con-
trollablecoverageto enableresourceprovidersto determine
the footprint of dissemination.Controlling the dissemina-
tion footprint is importantfor severalreasons.First,different
providerswill havedifferentrequirementsfor dissemination.
Second,we view controllability asa necessaryprerequisite
for adaptive disseminationprotocols. Only adaptive proto-
cols,whichdynamicallyaltertheaggressivenesswith which
informationis disseminated,will beableto reactto changing
Grid loadcharacteristics.Controllability in andof itself may
not be suf�cient, but we feel that it is certainlya necessary
attributefor building adaptiveprotocols.

The�rst contribution of this paperis to show that theef-
fect of theforwardingprobabilitieson thenetwork coverage
achieved by basicprotocols[4] is complex andnon-linear.
Weshow thatasmallrangeexist wheresmallchangesof for-
wardingprobabilitiesresultin largechangesin thecoverage
patterns.Thesecondcontributionof this paperis to propose
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hybridprotocolsthatsynthesizedesiredcoveragepatternsby
changingtheforwardingprobabilitiesat differenthopsfrom
thesourceto bestmatchthedesiredcoverage.

Ourprotocolsaresimilar to gossiping(e.g.,[5]) whichat-
temptsto coveranentirenetwork with reducedoverheadvia
probabilisticforwarding.However, ourwork adoptstheidea
of non-uniforminformationdissemination[10] [4] to cover
local nodesmoreaggressively. Butt et. al. proposed“�ock-
ing” [2] of Condorpools,combinedwith thePastry[8] peer-
to-peeroverlay for scalablediscovery of resources.Pastry
is locality-aware,so Condorendsup mappingresourcere-
queststo nearbyCondorpoolsthatcanservicethem,keeping
applicationdeploymenttime down. This approachachieves
non-uniformityin a differentway thantherandomizedpro-
tocols that we characterizein Section2; however, Condor
sharesour goal of servicingrequestslocally. Maheswaran
et. al. [7] alsosharetheapproachof associatinghighervalue
with nearbyinformation.They introducethenotionof “Grid
potential,” whichweighsaGrid resource'scapabilitywith its
distancefrom the application“launch point”. The authors
proposeandstudythetradeoffs betweenthreedifferentpro-
tocols,but donot considercontrollability asa metric.

2 CoverageAnalysisof Existing Protocols

In this section,we describethe basicBiasedandUnbiased
protocols[4] andanalyzetheir coveragepatternsasa func-
tion of the forwarding probability � . Coverage ��� is de-
�ned astheaveragepercentageof nodesatdistance� from a
sourcethatreceivea disseminatedpacket.

Unbiased(Gossiping)Protocol: In thisprotocol,thefor-
wardingprobability is constantat all nodes,no mattertheir
distancefrom the source.Coverageanalysis indicatesthat
for largevaluesof � , thedisseminatedinformationreaches
almostall of thenodesin theoverlay(Figure1 showsthisef-
fect for a randomtopologyof 1000nodes).2 Thecoverageis
not responsive to the forwardingprobabilitiesin this range;
this is consistentwith theknown bimodaleffectof gossiping
protocols[5]. For ���
	�� 
�� , thedisseminationcoversmore
than80%of thenodes.Varyingthesizeandtopologyof the
network showssimilartrends:thecoverageis affectedby the
connectivity of thenetwork, but in general,high forwarding
probabilitiesdonot resultin non-uniformcoverage.

In Figure 2 we observe that for lower valuesof � , the
disseminationfootprint doesexhibit non-uniformcoverage;
in this range,thecoverageis highly sensitive to � . For ���

	������ , thereis high coverage( ����	�� ) for the initial �����

hops,andthereafterthecoveragedropsgraduallywith each
hop.For ��� 	!� ��" , thecoverageis high for theinitial �#�%$

hopsandthenit dropsfrom 85%(at the "�&(' hop)to 20%(at
2We usea custommessage-level simulatorfor all studiesin this paper;

the simulatorabstractsaway lower level network details in favor of ef�-
ciency [3].

the ��
)&(' hop). We arguethat the “footprints” obtainedwith
thesevaluesfor � arestatic;the resourceprovider doesnot
havethe�e xibility to de�ne thecoveragepattern.Therefore,
if theresourcedisseminationmodelrequireshighercoverage
for �+* hops(where ��*,�-� ), low valuesof � cannotachieve
this. And asdescribedearlier, increasing� to try to increase

� resultsin uniform(full) coverage.
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Coverage plots for high probability values for node s233: coverage 82% 90% 96% 85% 

prob=0.65
prob=0.72
prob=0.80
Biased

Figure 1. Coverage (High Prob.)
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Coverage plots for low probability values for node s233: coverage 39% 42% 65% 74% 

prob=0.50
prob=0.52
prob=0.58
prob=0.60

Figure 2. Coverage (Low Prob.)

BiasedProtocol: This protocolusesthe following func-
tion at eachhop to determinethe forwarding probability:

�/.0�2143657��.98;:<3 , where 3 is someconstant(typically the
network diameter)and �=.?>@��3 indicatesnodei' s distance
from thesourcealongthepaththroughwhichthepacketwas
received. Becauseof theway theBiasedfunction is setup,
for relatively largevaluesof 3 , the forwardingprobabilities
at the initial � hopsarehigh, andthereforethe coveragein
theseinitial hopsis uniform. After these� hops,thesource
cannotcontrolthecoveragepattern.

The effect canbe seenin Figure1 wherecoverageis al-
most100%for initial �A��BC� hops.After that,thecoverage
dropsquickly. Thus,theBiasedprotocolis alsonot source
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controllable,sincegivenanestimateof high coveragein the
initial � *

hops(where � *ED ��� ), thesourcecannot con�gure
theprotocolto obtainthedesiredhighcoveragein � * hops.

3 AddressingProtocolLimitations

The UnbiasedandBiasedprotocolsde�ne staticfootprints;
theresourceprovidercannotcontroldisseminationcoverage.
In thissection,weaddressthatlimitation by proposingaHy-
brid protocolthatusesdifferentvaluesof � at differentdis-
tancesfrom thesourceto bestmatchthedesiredcoverage.
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Coverage plots for different probability values for node s233: coverage 36% 54% 62% 75% 79% 
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Figure 3. Random Toplogy: Coverage
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Coverage plots for different probability values for node s521: coverage 27% 38% 42% 59% 68% 
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Figure 4. Mesh Topology: Coverage

Figure 3 shows the coveragecharacteristicsof a coarse
Hybrid protocolon therandomtopologypreviously usedin
Section2. Theresourceprovider (nodes233in theoverlay)
con�guresthe Hybrid protocolwith �F��	�� " for the initial

�%�G$ hops. For �H�I$ hops,we usedifferentvaluesof
�J> 	�� 
�� to observethecoveragepatterns.We notethatour
selectionof ��>-	�� 
�� is guidedby thefactthatvaluesof �

morethan0.65canresult in uniform coverageasdiscussed
in theprevioussection.A comparisonof this graphwith the

coveragegraphsof purenon-uniformprotocolspresentedin
Figures1 and 2 suggeststhat the Hybrid protocol offers a
high degreeof freedomto theresourceprovider in selecting
thecoveragefootprint.Thisprotocolavoidsthetwoextremes
of coverage,full coverageanduncontrolledlocal coverage.
We arguethatnoneof thepurenon-uniformprotocolscould
have providedthe typesof footprintsthat theHybrid proto-
col offers. With lower valuesof � after � hops,the drop
in coverageis steepascanbe seenfrom the curve of 0.40.
If thecoveragerequirementsat intermediatenodesarehigh,
highervaluesof � couldbeused.We show thecoverageof
the Hybrid protocolon a 1000node20-by-50meshtopol-
ogy in Figure4. In this case,the resourceprovider (node
s521in the overlay) con�gures the protocolwith �2�K	�� "

for �
�2� hops. The resultshereshow a similar trend to
the randomtopology. Thesegraphsprovide insight into the
possiblemechanismsfor adaptivedissemination.

In a realisticapplication,the informationdistribution re-
quirementsmight be moresophisticatedthenthe two phase
con�gurationstudiedabove.

To motivatetheproblem,considerthefollowing threedif-
ferentscenarios.(i) A supercomputingcenterlocatedon the
eastcoastmight decidethat it needsto serve all userson
the eastcoast,60% of usersin the midwestregion, 40% of
usersin the southernregion, and20% of userson the west
coast(labelled”Supercomputer”in Figure5(a)). (ii) A 32
nodeclusterowned by a university ComputerSciencede-
partmentmight wish to facilitatescienti�c researchanden-
courageinterdisciplinarycollaborationby makingthecluster
availableacrossthecampus,andat all otheruniversitieslo-
caltedwithin 200 miles (labelled“Cluster” in Figure5(b)).
(iii) Finally, a company providing a computationon demand
servicethroughits highpricedclusterof 256nodesmaywish
to maximizepro�t by attractingasmany usersaspossible.
After an indepthanalysisof cost-bene�tratio, thecompany
executivesdecideto advertiseaggressively in four neighbor-
ing states,to 80%of usersin thenext six states,andto just
10% of usersfrom the remainingstates. (This scenariois
labelled“Organization”in Figure5(c)).

In eachof theabove�gures, thedashedline representsthe
network-centricfootprintthattheapplicationdesires,andthe
solid line representsa curve obtainedusinga Hybrid proto-
col. Figure5 demonstratesthat the Hybrid protocolcanbe
con�guredto closelymatchvariedcoveragerequirements.

The �e xibility offered by the Hybrid protocol makes it
possibleto con�gure the degreeof localization. This leads
us to considertwo possibledisseminationstrategies. Oneis
whereweuseaggressiveforwardingfor smallnumberof ini-
tial � hopsandusehigh probabilityafter � hops.Theother
is to useaggressive forwardingfor high numberof initial �

hopsanduselow probability after � hops. In general,we
observethatkeepingthevalueof � smallandusinghigh for-
wardingprobabilitiesat laterhopsresultsin almostthesame
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(a) Supercomputercurve.
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(b) Clustercurve.
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(c) Organizationcurve.

Figure 5. Coverage characteristics for three sample scenarios

coverageat a considerablyloweroverheadthanby choosing
a high value of � and then using small forwarding proba-
bilities at later hops. In our experiments,we observed that
when � is set to $ and the forwardingprobability is set to

	������ , thecoverageat ��� hopsis BL	=� at an overheadof ap-
proximately��M�	�	 packets.On theotherhand,to obtain BL	=�

coverageat nodes25 hopsaway from thesource,when � is
set to BL� (with forwardingprobability 	�� ��	 afterwords),an
overheadof approximately�=$<	�	 packetsis incurred.Dueto
spaceconstraints,we havepresentedonly onerepresentative
scenarioover here. We refer readersto [3] for detailedre-
sultson this studyaswell asmoredetailedanalysisof the
proposedprotocolsin this paper.

4 Summary and Future Work

Our previously proposedrandomizeddisseminationproto-
cols assumedthat coveragecan be directly controlled by
settingforwardingprobabilitiesto �x edor linearly decreas-
ing levels. However, we show that the relationshipbetween
forwardingprobabilitiesandcoverageis complex. Specif-
ically, coverageis not sensitive to forwardingprobabilities
at high probability ranges,nor at low probability ranges.It
is only sensitive to them in a relatively small rangewhere
small changesof forwardingprobabilitiescanleadto large
changesin achieved coverage. As a result, we proposeto
controlthedisseminationfootprintby settingtheforwarding
probabilitiesto valuesthatbest�t thedesiredcoverage.We
show usingexampleshow differentapplication-desiredfoot-
printscanbeachievedat low overhead.This controllability
is animportantcapabilitythatis necessary(but notnecessar-
ily suf�cient) for adaptive control of disseminationto opti-
mizeschedulingin thefaceof changingGrid resourcestates
andquerygenerationpatterns.We planto usethis work asa
building block in our futurework on adaptive dissemination

protocols.
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