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Abstract

Agentswith partialobservability needto sharein-
formation to achieve decentralisedcoordination.
However, in resource-constrainedsystems,indis-
criminatecommunicationcan createperformance
bottlenecks by consuming valuable bandwidth.
Therefore,thereis a tradeoff betweentheutility at-
tainedby communicationandits cost.Herewe ad-
dressthis tradeoff by developinganovel strategy to
make communicationselectivebasedon informa-
tion redundancy; ensuringcommunicationonly oc-
curswhennecessary, while maintainingacceptable
coordination.We apply this strategy to a state-of-
the-artcommunicationprotocol to evaluateits re-
sourcesaving bene�t in a distributednetwork rout-
ing problem. Furthermore,we designa mecha-
nism to adapt its selectivity level to the prevail-
ing resourceconstraintsto ensurefurther improve-
ments. Empirical studiesshow our selective strat-
egy achieves relative savings in bandwidthusage
of 50-90%,with only a5-10%relativereductionin
coordinationeffectivenessandtheadaptivestrategy
furtherimprovesrelativebandwidthusageby up to
10%andalsorelativecoordinationeffectivenessby
up to 12%over thenon-adaptiveapproach.

1 Intr oduction
In many distributedsystems,suchas sensornetworks, P2P
systems,andgrid applications,decision-makingis performed
by individual agentsin a decentralisedfashionunderincom-
pleteglobalknowledge.Now, to effectively coordinatetheir
actionsunderthesecircumstances,the agentsneedto share
information [Xuan et al., 2001; Goldmanand Zilberstein,
2003]. Speci�cally, the fact that suchexchangescansignif-
icantly improve distributed taskprocessinghasbeenshown
in [Dutta et al., 2005] wherea state-of-the-artinformation-
sharingprotocolis developed.However, their solutiondoes
not considercommunicationcost, which is the extra band-
width requiredfor communicationandis limited in all prac-
tical applications.Giventhis, this paperdevelopsa novel de-
centralisedstrategy that agentscan employ to decidewhen
to exchangeinformation. This strategy is practicalfor real-
istic applicationsandbalancesthe needto communicate(to

improve coordination)with the needto reduceoverhead(to
savevaluablebandwidth).

In more detail, the issueof planningwhen to communi-
cateis a non-trivial problem.In particular, GoldmanandZil-
berstein[2004] show that solving this problemoptimally is
intractable. Given this, a numberof non-optimalsolutions
to theproblemhave beenproposed.For example,in [Gmy-
trasiewicz and Durfee, 2001], agentscommunicateto im-
prove their own utilities, but this may be at the expenseof
theoverall systemperformance.Zhanget al. [2004] require
all possiblecommunicationactsof agentsto computeteam
utility gaineddueto communication:animpracticalproposi-
tion in real applications.The algorithmsto solve the DEC-
MDP formulationin [Shenet al., 2003] needexpensive of-
�ine planningandso cannotreadily be appliedto dynamic
environments. Finally, centralisedsolutionsareequally in-
applicable[Haaset al., 2000] as they are not scalableand
presentasinglepoint of failure.

Against this background,this paperpresentsa compro-
mising but scalableapproach:agentsexchangeinformation
selectivelysuch that it improves coordination,but without
incurring the high costsassociatedwith computingexactly
when it is bestto communicate.Here, the main challenge
is to �nd the right level of selectivenessthat will restrict
resourceusage,therebyallowing its use for realistic task
processing,while limiting performancedegradationto non-
signi�cant levels comparedto strategies that permit uncon-
strainedcommunication.

To designour information-sharingalgorithmfor ef�cient
taskprocessingandresourceusage,we useinformationre-
dundancyas the parameterfor agentsto decide when to
communicate.Speci�cally, we build uponthe information-
sharingalgorithm of [Dutta et al., 2005] which represents
the state-of-the-artin this area(having beenshown to out-
perform Littman's Q-routing, Stone's TPOT-RL, and broad-
castprotocols). This benchmarkalgorithmdistributeslocal
knowledgeamongcooperativeagentsafter they jointly com-
pletea task.We call this approachnon-selectiveinformation
exchange (NSIE) as information is sharedevery time a task
is completedwithout consideringresourceconstraints(Sec-
tion 2). Here,we extendthis approachby including a level
of decision-makingamongagentsbefore distributing local
knowledge. Thus,after jointly completingtasks,the agents
now chooseto communicateor not dependingon whether



the informationtransmittedwould be usefulor redundantto
therecipient(Section3). Suchredundancy is capturedusing
a selectivitythreshold,

���

, which is by how much the cur-
rent information(the valueof an agent's local state)differs
from what waspreviously transmitted.Now, variousselec-
tivity valuesaffect a system's performancedifferently: the
higherthethreshold,themorerestrictedthecommunication,
which lessenscoordinationqualitybut takesuplessresource.
To improve resourceusagestill further, we thendevelop an
algorithm for adaptively settingthe selectivity thresholdso
that its level canbe chosenaccordingto the prevailing con-
text. This allows more informedcommunicationdecisions,
therebyreducingbandwidthusageandalsoincreasingcoor-
dination effectivenesscomparedto using a �x ed threshold.
We thenempiricallyassesstheeffectivenessof our selective
informationexchange (SIE) andadaptiveselectiveinforma-
tion exchange (ASIE) protocolsby comparingtheir perfor-
mancesagainstNSIE (Section4). In particular, for a dis-
tributedtaskprocessingproblem,we measuretheamountof
degradation(if any) in thequalityof solutionsandtheamount
of savings (if any) in resourceusageachievedby our strate-
giescomparedto NSIE. Theevaluationsarecarriedoutonan
exemplarproblem: distributednetwork routing. This is the
samedomainusedin [Duttaet al., 2005] which allows valid
comparisons.Thatour SIE approachextendsthestate-of-the-
art signi�cantly is con�rmed by theseempiricalstudies:SIE
achievesa50-90%saving in bandwidthusagewhile reducing
throughputby only 5-10%comparedto NSIE acrossvarious
network environments.ASIE further improvesrelative band-
width usageby about10%andalsotherelativethroughputby
about12%comparedto SIE.

2 Routing in Resource-ConstrainedNetworks
Thissectionoutlinesthecall routingapplicationonwhichour
selective informationexchangeprotocol is evaluated.Note,
however, our protocolis genericandcanbeusedto conserve
bandwidthin any systemwith resourceconstraintsandusing
information-sharingat somelevel to operateef�ciently . Also
note,in systemswherecommunicationis differentfrom ex-
changingstatevalues(ashappensin ourapplication),weneed
a suitableway of formalisingtheredundancy metric.1 In our
application,eachnodecommunicatesdirectlywith thosethat
arewithin its communicationrange.Thesystem's taskis to
connectacall betweenthenodewherethecall originatesand
theonewhereit is destined.Theoriginatingnodeforwardsa
call setuprequestto oneof its neighbours.As eachagentonly
haslocal information,it choosesthatneighbourfor which it
estimatesthat thecall would beplacedvia themostef�cient
overall route.

Speci�cally, eachnode � maintainsa routing table ����� ,
whereeachelement �	�

��

������� ( � : the destinationnode, � :
a neighbourof � ) represents� 's estimateof the bestend-to-
end bandwidthavailability in going from � to � . Node �

choosesa neighbour� using a Boltzmanndistribution over
its ����� values: �����
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� , where
1 is the importancegiven to higher �	� values. Eachnode
choosesthenext hopuntil thecall setuprequestreachesthe

1E.g.,ameasureof the“distance”betweeninformationelements.

destination. After this happens,the destinationsends“up-
stream”along the call route an ack messageindicating a
successfulcall connection. Each node � also appendsits
statevalueto the ack . In this application,a node's stateis
the bandwidthavailableexpressedasa fraction of the max-
imum availability. Thus,a node 2 receiving the ack from
the immediate“downstream”node 3 getsthesetof stateval-
uesthat were appendedby all “downstream”nodeson this
call route. Node 2 then updatesits RT as: ����4 
5�6� 3 �87
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� , where AH
I� is anaggrega-
tion functiononasetof nodestatevalues,and ; is adiscount
factor( JLK ; K 9 ). Here,wechooseA astheminimumof the
setof statessinceit is theminimumavailablebandwidththat
determinesthemaximumnumberof callsonagivenpath.

Theabovedescriptionof informationexchangeafterevery
call connectionis callednon-selectiveinformationexchange
(NSIE) which is the approachof [Dutta et al., 2005] and,
therefore,treatedasthe baselinealgorithmin this paper. In
NSIE, informationexchangedvia theack messagesis signif-
icant in updatingRTs and,hence,performingdecentralised
routing ef�ciently . On the otherhand,thesemessagescon-
sumevaluablebandwidthand,hence,act asoverhead.The
larger the ack's size is, the more the bandwidthit con-
sumes.To counterthis,wemakeinformationexchangeselec-
tive to restricttheack size.Thus,we areessentiallysolving
theproblemof controllingresourceusageby communication,
while retainingsystemperformance.

3 The Inf ormation ExchangeStrategies
Thestatevaluethatanodetransmitsto anotheratagiventime
canbe identical to what it sentto that nodeon the previous
occasion.Thishappensif, sincethelasttransmission,exactly
asmany new callshave beenconnectedthroughthis nodeas
existingcallsonthisnodehaveterminatedand,hence,there-
sultantbandwidthavailability on this nodeis unchanged.In
general,an agent's local statecanbe identicalor similar in
termsof informationcontentto whatit perceivedwhenit last
communicatedits state.In suchcases,sendingstateinforma-
tion is redundantandcanbe discarded.Thegoal, therefore,
is to communicateonly when thereis a signi�cant enough
changein anagent's state.Making informationexchangese-
lective (SIE) in this way, the ack size canbe reduced. To
this end,we discussthe requirementsandthedesignof SIE,
how SIE affectssystemperformance,andthenotionof com-
municationselectivity. Finally, the adaptive (ASIE) protocol
is introduced.
Selective Inf ormation Exchange: To implement SIE, a
nodeshouldhave thefollowing:
Transmitter memory ( M ): To storethestatevaluessentto
each neighbouron themostrecenttransmission.So, M

�N
O��� is
the mostrecentstate-valuetransmittedby � to neighbour� .
Thesearecomparedagainstthe currentstatevalueto deter-
mine a redundancy. Thus,a node � needsa memoryof size

P/Q

�

P

, where
Q

� is its setof neighbours,for its decisionof
whento transmit.
Receiver memory ( R ): To storethe statevaluesreceived
from anyothernodeonthemostrecenttransmissionfrom the
latter. So, R

��

�

� is themostrecentstate-valuereceivedby �

from � . Thus, � usesthis storedvalueto updateits RT when



it receivesanack thatdoesnot includethecurrentstateof � .
Thishappensif � detectsaredundancy anddoesnot transmit.
Ontheotherhand,whenit receivesthestatevalueof � (when

� hasnot identi�ed a redundancy), it replacesR � 
 � � with this
valueandupdatesits RT with this new information. Thus,a
node� needsa memoryof size

P

�

P

: 9 , where
�

is thesetof
all nodes,for its RT-updatedecision.

Given M and R , a formaldescriptionof theselective infor-
mationexchangedecisionandRT-updateactionfollows:
Transmitting State Value Selectively. In SIE, a node �

( 9 K@��� � ) transmitsits stateto its “upstream”node �%� : 9��

if:
�

���

�

M �N
 � : 9�� 
!9/� . If condition(1) holdsand � transmits
itsstate

�

� to �%� : 9	� , then� updatesM � 
 � : 9/� to: M � 
 � : 9/�

�

�

� E

However, if condition(1) is not true, then � doesnot append
�

� to theack beforesendingit to �%� :@9�� .
Updating RT. A node � ( 9 � � K � ) usesthe following
setof statevaluesof the “downstream”nodesto updateits
RT: �

��
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is thelatestof R ��
 � ?

�

� and
�

����� � 
���� . In the valuesin (2), � determinesthe
“recency” of stateinformation by checkingif the value of
node���

?

�

� is presentin themessage.If it is, then �%�
?

�

� has
transmittedthisvalueby determiningthatthis transmissionis
not redundant(usingcondition(1)). Then, � usesthisvalueto
updateits RT (asstatedin Section2) andalsoupdatesR

�N

�

?

�

� to be
�

� ��� . However, if � doesnot �nd thestatevalueof
�%�

?

�

� in the message,thenit usesthe last valuereceived
from ���

?

�

� , R �



�
?

�

� , to updateits RT.
Usingtheabove-mentioned,we now analysetheeffectsof

SIE ondecentralisedroutingalongdifferentdimensions:
Memory size. Eachnode � needsa memoryof size

PIQ

�

P

+
P

�

P

-1 to store R and M . Thus,memorysize is linear with
thenumberof nodes,but remainsconstantat run-time.Now,
hardware memory is cheapand can be easily incorporated
into thenodes.
Messagesize. This hasa positive correlationwith band-
width use. It increasesonly if a nodeappendsa statevalue.
Using SIE, therefore, the message sizecannotbe any more
than NSIE. In fact,nodestatesremainunchangedover time
intervalswhennew callsdo not originateandwhenexisting
calls areongoing. In thesescenarios,SIE would restrict the
sizeof ack , thusreducingoverheadandfreeingup valuable
bandwidth.
Quality of routing table. Information exchangeallows
RTs to remainup-to-datewith the actualend-to-endband-
width availabilities. Now, sinceSIE restrictscommunication,
theconcernis whetherit adverselyaffectsthequality of RTs
(hence,the overall routing quality). However, SIE prevents
informationexchangeonly if it is identicalto whathasbeen
communicatedpreviously. Thus,by storing in memorythe
latesttransmissions( M ), any new informationis guaranteed
to betransmitted.Hence, SIE keepstheRTsup-to-datein ex-
actly thesamewayas NSIE; so routing performanceshould
beasgoodasNSIE.

The de�nition of SIE implies that information exchange
is restrictedonly when there is an exact equality between
thecurrentstate-valueandtheonetransmittedmostrecently.
This is a very restrictive condition for de�ning redundancy
and,hence,for informationexchangebeingselective. It can

berelaxedfrom zerodifference(condition(1)) by incorporat-
ing a “thresholddifference”betweenpresentandpaststate
values. Such relaxationwould further restrict information
exchangeresultingin furtherbandwidthsavings,althoughit
maydeterioratethequalityof RTs.

In moredetail, a thresholddifference(TD) is the amount
of changein state-valuethata nodeneedsto observe before
transmittingits value. Thus,a TD of

���

� for node � implies
that � transmitsto itsneighbour� if f:

P

�

��: M ��
 � �

P��

�L�

��E 
�� �

Thehigherthevalueof
���

, themoreselective thecommuni-
cation,thelowerthenumberof transmissions,andthesmaller
themessagesize(alarge

���

impliesnodescommunicateonly
whenthereis at leastan equally large state-change).How-
ever, when

���

is small, nodescommunicatefor both large
andsmallstatechanges.
AdaptiveSelective Inf ormation Exchange: In SIE, all
agentsuse a common,pre-set,thresholdto communicate.
However, agentscanchoosedifferentlevels of communica-
tion selectivity andeachsuchcombinationcanaffect thesys-
temperformancedifferently. Thus,SIE searchesonly a lim-
ited region of the solutionspace.We now alleviate this by
letting eachagentchooseadaptively its own TD over time
(thus,exploring a largernumberof combinationsof commu-
nication behaviours). By so doing, we could have a more
effective systemby improving uponthe ef�ciencies of both
taskprocessingandresourceusagethanachievedby SIE. To
usesuchadaptiveselective informationexchange(ASIE), we
needto determinehow an agentshouldchoosea particular
TD at a given time. To do this, we usestoredperformance
pro�les [ZilbersteinandRussell,1996] of a network.

In moredetail, to generateperformancepro�les, we let a
singleagentuseSIE (with differentTD values)andall others
useNSIE. Then, for eachTD value,we measurethe differ-
enceof this system's performancefrom thatwhereall agents
useNSIE. This determineshow a singleagent's communica-
tion selectivity affectsglobal performanceover time and,in
turn, de�nes our performancepro�les. Subsequently, ASIE
is implementedwheneachagentselects,at a giventime, the
TD which generatedthebestperformancepro�le. Thus,the
storedpro�les arere-usedat run time by eachagentto dy-
namicallyselectits own TD.

However, in selectingTD dynamicallyasdescribedabove,
thefollowing pointsshouldbenoted.(1) Our ASIE approach
is myopicsinceeachagentconsidersonly how its owncom-
municationactionin�uencesglobalperformance.Using es-
timatesof the actionsof other agentscould generatebetter
performances,but is likely to causepracticaldif�culties in
termsof the computationalcomplexity associatedwith such
estimation[GoldmanandZilberstein,2004]. (2) The time-
indexedperformancepro�les arere-usedin theASIE system,
where,in fact, thesystemcouldbeat a differentglobalstate
than it was at the sametime when the pro�le was gener-
ated. Thus,the TD that generatedthebestpro�le at a given
time (and, thus, is selectedin ASIE) can be different from
the onerequiredin the ASIE systemat the currenttime. To
alleviate this potentiallimitation, anagentneedsto estimate
the global state: again,a practicalproblem. (3) We gener-
ateperformancepro�les by letting oneagentuseSIE. Now,
in a distributedsystem,thecommunicationactionsof differ-



entagentscanimpactglobalperformancedifferently. In this
case,theperformancepro�les of differentagentswill bedif-
ferent. Nevertheless,we assumethat by choosinga “repre-
sentative” agent,we cangeneratea performancepro�le that
will be fairly closeto thoseof any agent.Moreover, perfor-
mancepro�les of multiple agentscan be storedin caseof
systemswith heterogeneousagents.

4 Experimental Evaluation
For our experiments,we usethenetwork simulatorof [Dutta
et al., 2005]. We createdifferentnetwork environmentsby
changingthe following simulationparametersso that the re-
sultsonperformancetradeoffs canbegeneralised.

� Topology: Differentnetwork structurescanaffect system
performancedifferently, althoughwewouldwantto establish
somegeneralconclusionsaboutperformancetrends.To this
end,we usea 36-nodeirregulargrid topology(�g 1(a))used
previously in [BoyanandLittman,1993] to makevalid com-
parisons.Also, two randomtopologiesof 50nodes(�g 1(b))
and100nodes(�g 1(c)) areused.

� Traf�c patterns: Both uniform andnon-uniformnetwork
traf�c is used. In the former, a commoncall origination
probability (COP) exists for all nodesand remainsconstant
throughoutanexperiment.Thus,thenetwork facesa steady
traf�c in�o w. In the latter, the COP is selectedrandomlyper
nodeandthenusedto generateacall.

� Inf ormation exchange algorithms: We compare SIE
againstNSIE (with various TD values)by comparingtheir
routing quality and messageoverheadsacross different
topologiesand load patterns. ASIE and NSIE arecompared
similarly.

(a) 36nodes (b) 50nodes (c) 100nodes

Figure1: Randomtopologies

We choose the following performance measures (as
per[Duttaetal., 2005]):

� Call successrate (CSR): This is thefractionof thenumber
of calls originatingthat actuallyget connectedto their des-
tinations. Given a network load andmaximumnodeband-
width, the moreaccuratethe routing tables,the morelikely
it is that calls will be connected.Thus,CSR is a measureof
routingquality (thecoordinationeffectiveness).

� Messagesize (MS): The size of an ack messageis the
numberof state-valuesappendedto it. Thesmallerthemes-
sagesize,thehigherthebandwidthsaved(themoreef�cient
theinformation-sharingalgorithm).

We studytheimpactof communicationselectivity (TD) on
network performance.Suchempiricalresultsallow a system
designeror userto examineperformancetradeoffs acrossdif-
ferentnetwork environments. In this context, we can form
subjective hypothesessuchas: (i) small TD generatesgood

Table1: NSIE performance:uniform load

COP

Topology1 Topology2 Topology3
CSR MS CSR MS CSR MS

Avg Stdev Avg Stdev Avg Stdev Avg Stdev Avg Stdev Avg Stdev

0.1 0.487 0.003 3.86 0.022 0.493 0.003 3.52 0.015 0.287 0.003 4.026 0.042
0.2 0.328 0.001 3.16 0.014 0.363 0.002 2.95 0.009 0.217 0.002 3.31 0.023
0.4 0.213 0.0001 2.58 0.01 0.247 0.001 2.32 0.012 0.158 0.001 2.676 0.016
0.6 0.164 0.0004 2.26 0.009 0.191 0.0005 1.996 0.009 0.128 0.0006 2.365 0.016
0.8 0.134 0.0004 2.06 0.006 0.158 0.0004 1.80 0.007 0.108 0.0007 2.159 0.008

bandwidthsavingsandonly slightly deterioratescall routing;
or (ii) high TD generatessigni�cant bandwidthsavings but
signi�cantly deterioratescall routing. In our experiments,
�rst, the CSR and MS of the SIE and ASIE are compared
againstthoseof NSIE using uniform load, followed by us-
ing non-uniformload. The following parametervaluesare
used(asper [Dutta et al., 2005]): ;

�

J E J � , 1

�

J E#9 , and
maximumnumberof simultaneouscallspernodeis 10.
4.1 Uniform Load
Eachexperimentusesa constantCOP chosenfrom the set

��J
EG9-�

J
E � �

J
E

�

�
J

E � �
J

E � � . Note, the higherthe COP value,the
morecallsoriginateand,hence,thehigherthenetwork load.
Performanceof NSIE: Our baseline results (NSIE) are
summarizedin Table1, showing thesteadystateaverageCSR
andaverageMS valuesfor differenttopologies.Forall topolo-
gies, the averageCSR decreasesas the COP increases(calls
originatingincrease).With limited bandwidth(10 units per
node),astheCOP increases,largerpercentagesof originating
calls fail to be connected.Hence,the CSR decreases.Also,
the averageMS decreaseswith increasingCOP. At higher
COPs, when all nodesgeneratelarge numberof calls, only
the short-distancecalls connect.Having limited bandwidth,
a nodegetssaturatedwith the calls that it originates.Then,
theextent to which a noderoutescallsoriginatingelsewhere
decreaseswith increasingCOP. Sinceack sizeis determined
by theroutelength,MS decreaseswith lesslong-distancecalls
connectingat high COP.
Performanceof SIE: Table2 shows the steadystateaver-
ageCSR and MS in the different topologiesusing SIE when

���

�

J
E#9 . This is the minimumvalue that

���

can take
to haveanycommunicationselectivity, generatinga baseline
SIE. For all other

���

, we get thesametrends(excludeddue
to limited space).

In Table2, the trendsin both CSR andMS areidenticalto
thosein Table1. However, bothof thesein Table2 arelower
thanthecorrespondingvaluesin Table1. Hence,SIE usesless
bandwidththan NSIE, but it hasa slightly reducedcall suc-
cessrate. We thencomparetheseacrossall COP and

���

val-
uesby generatingtherelativedifferencesof theaverageCSRs
andMSsas:CSR

"

�����

�


 CSR 
 NSIE ��: CSR 
 SIE ��� /CSR 
 NSIE � ,
andMS

"

�����

�


 MS 
 NSIE �H: MS 
 SIE ��� /MS 
 NSIE � . Thus,the
higherthevalueof CSR

"

����� , thepooreris thesolutionquality
of SIE comparedto NSIE. However, the higher the MS

"

����� ,
themoreef�cient thecommunicationof SIE.

Studyingthe CSR
"

����� values(�gure 2(a)) of topology 1,
we learn: (1) At any COP, for small

���

, the CSR of SIE is
verycloseto that of NSIE. Thus,when

���

K J
E

�

, CSR
"

�����



Table2: SIE performance(
���

= 0.1): uniform load

COP

Topology1 Topology2 Topology3
CSR MS CSR MS CSR MS

Avg Stdev Avg Stdev Avg Stdev Avg Stdev Avg Stdev Avg Stdev

0.1 0.484 0.002 1.938 0.015 0.492 0.004 2.455 0.016 0.274 0.003 1.89 0.02
0.2 0.325 0.001 1.50 0.011 0.363 0.002 2.067 0.011 0.212 0.001 1.60 0.011
0.4 0.207 0.0006 1.098 0.004 0.246 0.0009 1.612 0.006 0.156 0.0008 1.298 0.006
0.6 0.157 0.0005 0.891 0.006 0.190 0.0007 1.352 0.004 0.127 0.0006 1.124 0.005
0.8 0.128 0.0005 0.755 0.004 0.156 0.0005 1.18 0.003 0.107 0.0004 0.985 0.005

is lessthan4.0%for any COP. When
�L�

is low, communi-
cationoccursfor both small and large state-changes.Now,
smallstate-changesoccurat any COP valuebecausetheorig-
ination andterminationof few calls aremorecommonthan
a largernumber. Largerstate-changes,however, occurmore
at higher COPs. Thus, for any COP, a low

���

valueallows
frequentcommunication.This keepsthe RTs updatedfairly
well, thus,generatinggoodcall successrates(closeto NSIE).
(2) At larger

�L�

, theSIE CSR is signi�cantly lower thanNSIE
whenCOP is small,but remainscloseto NSIE at higherCOPs.
Thus,

�L�

�

J
E

�

causesa 32.0%CSR
"

����� whenCOP is 0.1,
but it is only about3.0% when COP is 0.8. High

�L�

al-
lowscommunicationonly for largestate-changes.Now, large
state-changesarerareat smallCOPs whennodesaresparsely
occupied,andso is communication.Thus, the RTs arenot
up-to-date,causingpoorroutingandreducingtheCSR of SIE.
But,athigherCOPs,largestate-changes(andcommunication)
aremorefrequent;henceCSR of SIE is closeto NSIE.

Studying the MS
"

����� values(�gure 2(b)) of topology 1,
we learn: (1) At any COP, the larger the

�L�

, the larger
is the MS

"

����� value. Since communicationreduceswith
���

, so doesthe MS of SIE (but not in�uencing the MS of
NSIE). Theseresultscon�rm that larger bandwidthsavings
areachievedby makingcommunicationever moreselective.
(2) At any

�L�

, a changein COP doesnotsigni�cantly change
the MS

"

����� value. Thus,SIE maintainsa uniform advantage
over NSIE in termsof saving bandwidthfor all COP values.

In summary, thesigni�cant resultis thatthebandwidthus-
ageimprovementof SIE (up to 99%) clearly offsetsits de-
gradingin routing(aslow as35%).Moretypically, weobtain
30-80%improvementin bandwidthef�ciency at theexpense
of lessthan5% degradationin routing quality. The results
from theothertopologiesshow similar trends.

(a)CSRdifference (b) MS difference

Figure2: CSR andMS differencesbetweenSIE andNSIE

Performanceof ASIE: We study ASIE on a regular 6 � 6
grid wherethecentroidis therepresentative node( �

�

) (sec-
tion 3). Here, performancepro�les (��� ) representtime-
variationsof thepercentagedeviationsof globalCSR andMS
betweenNSIE and the onewhereonly �

�

usesSIE andall
othersuseNSIE. In ASIE, node� selectsthat

���

� which gen-
eratesthe leastdegradationin CSR for the COP value,at that
time, in thepro�le. It thenusesthis

���

� for its communica-
tion decision(equation(3)) until it choosesa new

���

. We
selecta period of 1000 time stepsfor storing performance
pro�les and,thus,for choosinga new

���

.
For eachCOP, we studiedthe frequency with which the

CSR of ASIE deviatedfrom that of NSIE (�gure 3). In each
graph,usinga different COP, the x-axis shows the different
(percentage)CSR deviations betweenASIE and NSIE. The
y-axis shows the (percentage)durationof a simulationrun
for which thecorrespondingCSR deviation (thex-value)was
observed. Thus,in �gure 3(a),a 6% CSR deviation wasob-
served(ASIE worsethanNSIE by 6%) for 10.2%time of the
simulation. We conclude:(1) At smaller COP values,ASIE
performsbetterthan SIE by generating CSRs that are closer
to the baselineNSIE. Thus, the majority of the CSR differ-
encesbetweenASIE andNSIE is 4-6%for COP lessthan0.6.
For thesameCOP values,themeanCSR differencesbetween
SIE andNSIE is 8-16%(measuredon thesametopologybut
omittedheredue to lack of space).So, the CSR of ASIE is
up to 12%closerto thebenchmarkthanSIE, implying a fur-
ther improvementin the quality of task processing.(2) At
higherCOP values,SIE performsslightly betterthanASIE by
achieveingCSRs closerto NSIE. Thus,for COPs 0.6and0.8,
theCSR differencein ASIE is mostly6-9%,while for SIE it is
4.5-5.6%.Theslightdecreasein ASIE performancecompared
to SIE is dueto the limitation of a myopic algorithm(ASIE)
in a dynamicenvironment(largeCOP).

Now studyingtheMS of ASIE andSIE, weobserve: For all
COP, ASIE ensureshigherbandwidthsavingsthanSIE: ASIE
savesup to 85-100%comparedto NSIE, which is greater(by
up to 10%) thanthe bandwidthsavings of SIE comparedto
NSIE (plotsomitteddueto limited space).

(a)COP= 0.1 (b) COP= 0.4

(c) COP= 0.6 (d) COP= 0.8

Figure3: CSR differencebetweenASIE andNSIE



4.2 Non-Uniform Load
Having adynamicCOP (variesbetween0.1and0.9),wemea-
sureperformancesover time insteadof steady-stateaverages.

Performanceof SIE: Figure 4 shows the percentagedif-
ferencesof the CSR and the MS betweenSIE and NSIE for
topology1 (othertopologiesshow similar trends). We con-
clude: (1) Thehigher the TD, the smaller is the CSR of SIE
thanNSIE (poorerroutingthanNSIE, �gure 4(a)),and(2) the
smalleris the MS of SIE than NSIE (morebandwidthsavings
than NSIE, �gure 4(b)). More typically, 60-90%bandwidth
saving is achieved incurring lessthan10% lossin CSR; fur-
ther con�rming that SIE is morebandwidthef�cient andits
advantagethoroughlyoffsetsits limitation.
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Figure4: CSR andMS differencesbetweenSIE andNSIE

Performanceof ASIE: Here,we usethe performancepro-
�les of uniform load experimentsusingthe 6 � 6 grid topol-
ogy. This is a myopic choice since, with dynamic load,
the COP valuesare different acrossnodeswhich was not
the casein uniform load. Now, at run-time,eachagentes-
timatesthe averageCOP (

�

���

� ) at its nodeover the past �

(=1000) time steps. Then, it determinesits
���

value as:
�����
	���


&

�-�����

�




�

���

�
�

���

&

����� , where ��� CSR is the CSR per-
formancepro�le. The CSR and MS differencesbetweenthe
above-mentionedASIE systemand NSIE are shown in �g-
ure 5. We also run SIE to compareit againstNSIE (results
omitted due to spacelimitation). Our resultsshow, with
non-uniformload, ASIE performedbetter than SIE over all

���

. Thus, the meanCSR differencein �gur e 5(a), about
7%,is smallerthantheminimumCSR difference, about8.1%,
achievedby SIE acrossall

���

, andthemeanMS differencein
�gur e5(b),about99.9%,is larger thanthemaximumMS dif-
ference, about99%, achievedby SIE, acrossall

���

values.
A �x ed TD for all nodes(asin SIE) is not an effective strat-
egy in dynamicload. Rather, the nodesshouldadapttheir
communicationbehaviours;hence,ASIE outperformsSIE.

5 Conclusions
Our novel protocol for selectiveinformation-sharingeffec-
tively tradesoff communicationutility andcost in resource
constrainedMAS. It usesinformationredundancyfor com-
municationdecisionsto save bandwidthand achieve good
coordination.Furthermore,it adaptstheselectivity levelsus-
ing storedperformancepro�les. Empirical studieson a call
routingproblemshows,comparedto themosteffectivecom-
municationstrategycurrentlyavailable,ourprotocolachieves

(a) CSRDifference (b) MS Difference

Figure5: CSR andMS differencesbetweenASIE andNSIE

signi�cant bandwidthsavings,while achievingonly aslightly
lower throughput.Theadaptivestrategy achievesfurtherim-
provementsover thenon-adaptiveone.
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