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Abstract

Agentswith partial obsenability needto sharein-
formation to achieve decentralisedcoordination.
However, in resource-constraineslystems,indis-
criminate communicationcan createperformance
bottlenecksby consuming valuable bandwidth.
Thereforethereis atradeof betweerthe utility at-
tainedby communicatiorandits cost.Herewe ad-
dresshistradeof by developinganovel strateyy to
make communicationselectivebasedon informa-
tion redundancyensuringcommunicatioronly oc-
curswhennecessarywhile maintainingacceptable
coordination.We apply this stratey to a state-of-
the-artcommunicatiorprotocolto evaluateits re-
sourcesaving bene tin adistributednetwork rout-
ing problem. Furthermore,we designa mecha-
nism to adaptits selectvity level to the prevail-
ing resourceconstraintgo ensurefurtherimprove-
ments. Empirical studiesshav our selectve strat-
egy achievesrelative savings in bandwidthusage
of 50-90%,with only a 5-10%relative reductionin
coordinatioreffectivenesandtheadaptve strateyy
furtherimprovesrelative bandwidthusageby upto
10%andalsorelative coordinatioreffectivenessy
upto 12%overthenon-adaptre approach.

1 Intr oduction

In mary distributed systems suchas sensometworks, p2p

systemsandgrid applicationsdecision-makings performed
by individual agentsn a decentralisedashionunderincom-
pleteglobalknowledge. Now, to effectively coordinatetheir
actionsunderthesecircumstancesthe agentsneedto share
information [Xuan et al., 2001; Goldmanand Zilberstein,
2003. Speci cally, the factthat suchexchangesansignif-

icantly improve distributed task processinghasbeenshovn

in [Dutta et al., 2009 wherea state-of-the-arinformation-
sharingprotocolis developed. However, their solutiondoes
not considercommunicationcost which is the extra band-
width requiredfor communicatiorandis limited in all prac-
tical applications Giventhis, this paperdevelopsa novel de-
centralisedstratgyy that agentscan employ to decidewhen
to exchangeinformation. This strateyy is practicalfor real-
istic applicationsand balanceghe needto communicatgto
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improve coordination)with the needto reduceoverhead(to
save valuablebandwidth).

In more detail, the issueof planningwhento communi-
cateis anon-trivial problem.In particular GoldmanandZil-
berstein[2004 show that solving this problemoptimally is
intractable. Given this, a numberof non-optimalsolutions
to the problemhave beenproposed.For example,in [Gmy-
trasiavicz and Durfee, 2001], agentscommunicateto im-
prove their own utilities, but this may be at the expenseof
the overall systemperformance Zhanget al. [2004 require
all possiblecommunicatioractsof agentsto computeteam
utility gaineddueto communicationanimpracticalproposi-
tion in real applications. The algorithmsto solve the DEC-
MDP formulationin [Shenet al., 2003 needexpensve of-
ine planningand so cannotreadily be appliedto dynamic
ervironments. Finally, centralisedsolutionsare equally in-
applicable[Haaset al., 2004 asthey are not scalableand
presentsinglepointof failure.

Against this background this paperpresentsa compro-
mising but scalableapproach:agentsexchangeinformation
selectivelysuchthat it improves coordination,but without
incurring the high costsassociatedvith computingexactly
whenit is bestto communicate. Here, the main challenge
is to nd the right level of selectvenessthat will restrict
resourceusage,therebyallowing its use for realistic task
processingwhile limiting performancedegradationto non-
signi cant levels comparedo stratgiesthat permit uncon-
strainedcommunication.

To designour information-sharingalgorithm for ef cient
task processingand resourceusage we useinformationre-
dundancyas the parameterfor agentsto decide when to
communicate.Speci cally, we build uponthe information-
sharingalgorithm of [Dutta et al., 2009 which represents
the state-of-the-artn this area(having beenshawn to out-
perform Littman's Q-routing, Stones TPOT-RL, and broad-
castprotocols). This benchmarkalgorithm distributeslocal
knowledgeamongcooperatie agentsafterthey jointly com-
pleteatask. We call this approacmon-selectivénformation
exchange (NSIE) asinformationis sharedevery time a task
is completedwithout consideringresourceconstraintySec-
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 redundanto

therecipient(Section3). Suchredundang is capturedusing
a selectivitythreshold  , which is by how muchthe cur-

rentinformation (the value of an agents local state)differs
from what was previously transmitted. Now, variousselec-
tivity valuesaffect a systems performancedifferently: the
higherthe threshold the morerestrictedthe communication,
whichlessengoordinationguality but takesup lessresource.
To improve resourceusagestill further, we thendevelopan

algorithmfor adaptvely settingthe selectvity thresholdso
thatits level canbe chosenmaccordingto the prevailing con-

text. This allows moreinformed communicationdecisions,
therebyreducingbandwidthusageandalsoincreasingcoor

dination effectivenesscomparedto usinga x ed threshold.
We thenempirically assesshe effectivenesf our selective
information exchange (sIE) and adaptiveselectiveinforma-

tion exchange (ASIE) protocolsby comparingtheir perfor

mancesagainstNsIE (Section4). In particular for a dis-

tributedtask processingroblem,we measurghe amountof

degradation(if ary) in thequality of solutionsandtheamount
of savings (if ary) in resourceusageachieved by our strate-
giescomparedo NSIE. Theevaluationsarecarriedoutonan

exemplarproblem: distributed network routing. This is the

samedomainusedin [Duttaetal., 2005 which allows valid

comparisonsThatour sIE approactextendsthe state-of-the-
art signi cantly is con rmed by theseempiricalstudies:siE

achievesa50-90%saving in bandwidthusagewhile reducing
throughputby only 5-10% comparedo NSIE acrossvarious
network ervironments.AsiE furtherimprovesrelative band-
width usageby aboutl0%andalsotherelative throughpuby

aboutl2%comparedo SIE.

2 Routing in Resource-ConstrainedNetworks

Thissectionoutlinesthecall routingapplicationonwhich our
selectve information exchangeprotocolis evaluated. Note,
however, our protocolis genericandcanbe usedto consere
bandwidthin arny systemwith resourceconstraintsandusing
information-sharingat somelevel to operateef ciently . Also
note,in systemsvherecommunicatioris differentfrom ex-
changingstatevalues(ashappendn ourapplication) weneed
asuitableway of formalisingthe redundang metric! In our
application,eachnodecommunicateslirectly with thosethat
arewithin its communicatiorrange. The systems taskis to
conneciacall betweerthenodewherethecall originatesand
theonewhereit is destined.The originatingnodeforwardsa
call setuprequesto oneof its neighboursAs eachagentonly
haslocal information,it chooseghat neighbourfor which it
estimateghatthe call would be placedvia the mostef cient
overallroute.

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: — , where
is the importancegiven to higher values. Eachnode
chooseghe next hop until the call setuprequesteacheghe

1E.g. ,ameasur®f the“distance”betweerinformationelements.

destination. After this happensthe destinationsends‘up-
stream”along the call route an ack messagendicating a
successfulcall connection. Eachnode also appendsits
statevalueto the ack . In this application,a nodes stateis
the bandwidthavailable expressedas a fraction of the max-
imum availability. Thus,anode receving the ack from
theimmediate*downstream™node getsthe setof stateval-
uesthat were appendedy all “downstream”nodeson this
call route. Node thenupdatesits RT as:

, Wwhere isanaggreya-
tion functionon a setof nodestatevaluesand is adiscount
factor( ). Here,we choose astheminimumof the
setof statessinceit is the minimumavailablebandwidththat
determineshe maximumnumberof callson a givenpath.

Theabove descriptionof informationexchangeafterevery
call connections callednon-selectivénformationexchange
(NSIE) which is the approachof [Dutta et al., 2005 and,
therefore treatedasthe baselinealgorithmin this paper In
NSIE, informationexchanged/ia theack messages signif-
icantin updatingRTs and, hence,performingdecentralised
routing ef ciently. On the otherhand,thesemessageson-
sumevaluablebandwidthand, hence,act asoverhead. The
larger the ack's size is, the more the bandwidthit con-
sumes.To counterthis,we makeinformationexchangeselec-
tiveto restricttheack size. Thus,we areessentiallysolving
theproblemof controllingresourcaisageby communication,
while retainingsystemperformance.

3 TheInformation ExchangeStrategies

Thestatevaluethatanodetransmitdo anotheratagiventime
canbeidenticalto whatit sentto thatnodeon the previous
occasionThishappensf, sincethelasttransmissionexactly
asmary new calls have beenconnectedhroughthis nodeas
existing callsonthis nodehave terminatedand,hencethere-
sultantbandwidthavailability on this nodeis unchangedin
general,an agents local statecanbe identical or similar in
termsof informationcontentto whatit percevedwhenit last
communicatedts state.In suchcasessendingstateinforma-
tion is redundantand canbe discarded.The goal, therefore,
is to communicateonly whenthereis a signi cant enough
changen anagents state.Making informationexchangese-
lective (SIE) in this way, the ack size canbe reduced. To
this end, we discusgthe requirementsandthe designof SIE,
how siE affectssystemperformanceandthe notionof com-
municationselectvity. Finally, the adaptie (ASIE) protocol
is introduced.
Selectve Information Exchange To implement SIE, a
nodeshouldhave thefollowing:
Transmitter memory ( ): To storethe statevaluessentto
ead neighbouron the mostrecenttransmissionSo, is
the mostrecentstate-waluetransmittedby to neighbour .
Theseare comparedagainstthe currentstatevalueto deter
mine aredundang. Thus,a node needsa memoryof size
, Where s its setof neighboursfor its decisionof
whento transmit.
Receiver memory ( ): To storethe statevaluesreceved
from anyothernodeonthemostrecenttransmissiorirom the
latter So, is the mostrecentstate-aluereceved by
from . Thus, usesthis storedvalueto updateits RT when




it recevesanack thatdoesnotincludethecurrentstateof .
Thishappensf detectsaaredundang anddoesnottransmit.
Ontheotherhand whenit recevesthestatevalueof (when

hasnotidenti ed aredundang), it replaces with this
valueandupdatesdts RT with this new information. Thus,a
node needsamemoryof size , Where isthesetof
all nodesfor its RT-updatedecision.

Given and ,aformaldescriptionof theselectve infor-
mationexchangedecisionandRT-updateactionfollows:

Transmitting State Value Selectively. In siE, a node

( ) transmitsits stateto its “upstream”node
if: . If condition(1) holdsand transmits
itsstate to ,then updates to:

However, if condition(1) is nottrue,then doesnotappend
totheack beforesendingt to

Updating RT. A node ( ) usesthe following
setof statevaluesof the “downstream”nodesto updateits
RT: is the latestof
and In the valuesin (2), determineshe
“receng” of stateinformation by checkingif the value of
node is presentn themessagelf it is, then has
transmittedhis valueby determininghatthis transmissioris
notredundanfusingcondition(1)). Then, useshisvalueto
updatdts RT (asstatedn Section2) andalsoupdates
to be . However, if doesnot nd the statevalueof
in the messagethenit usesthe last valuereceved
from . , to updateits RT.
Usingthe above-mentionedwe now analysehe effectsof
SIE ondecentralisedouting alongdifferentdimensions:

Memory size. Eachnode needsa memoryof size +

-l1tostore and . Thus,memorysizeis linear with
the numberof nodes put remainsconstantt run-time. Now,
hardware memoryis cheapand can be easily incorporated
into thenodes.

Messagesize. This hasa positive correlationwith band-
width use. It increase®nly if a nodeappends statevalue.
Using sIE, therefore, the messge size cannotbe any more
thanNsIE. In fact, nodestatessemainunchangedver time
intervalswhennew calls do not originateandwhenexisting
callsareongoing. In thesescenariosslE would restrictthe
sizeof ack , thusreducingoverheadandfreeingup valuable
bandwidth.

Quality of routing table. Information exchangeallows

RTs to remainup-to-datewith the actualend-to-endoband-

width availabilities. Now, sincesIE restrictscommunication,
the concernis whetherit adwerselyaffectsthe quality of RTs

(hence,the overall routing quality). However, SIE prevents
informationexchangeonly if it is identicalto whathasbeen
communicatedreviously. Thus, by storingin memorythe

latesttransmissiong ), ary new informationis guaranteed
to betransmitted Hence sIE keepsthe RTsup-to-datein ex-

actly the sameway as NSIE; sorouting performanceshould

beasgoodasNsIE.

The de nition of siE implies that information exchange
is restrictedonly when thereis an exact equality between
the currentstate-alueandthe onetransmittednostrecently
This is a very restrictve condition for de ning redundang
and, hence for informationexchangebeingselectve. It can

berelaxedfrom zerodifference(condition(1)) by incorporat-
ing a “thresholddifference”betweenpresentand paststate
values. Suchrelaxationwould further restrict information
exchangeresultingin further bandwidthsavings, althoughit

may deterioratehe quality of RTs.

In more detail, a thresholddifference(Tp) is the amount

of changen state-aluethata nodeneedsto obsene before
transmittingits value. Thus,a 17D of for node implies
that transmitdoits neighbour iff:
Thehigherthevalueof ,themoreselectve thecommuni-
cation,thelowerthenumberof transmissionsgndthesmaller
themessagsize(alarge  impliesnodescommunicat®nly
whenthereis at leastan equally large state-change)How-
ever, when is small, nodescommunicateor both large
andsmallstatechanges.

Adaptive Selective Information Exchange In sig, all
agentsuse a common, pre-set,thresholdto communicate.
However, agentscan choosedifferentlevels of communica-
tion selectvity andeachsuchcombinationcanaffectthesys-
tem performancdifferently. Thus, sie searchesnly a lim-
ited region of the solution space. We now alleviate this by
letting eachagentchooseadaptvely its own TD over time
(thus,exploring a largernumberof combinationof commu-
nication behaiours). By so doing, we could have a more
effective systemby improving uponthe ef ciencies of both
taskprocessingandresourceusagethanachiezedby sie. To
usesuchadaptie selectve informationexchanggASIE), we
needto determinehow an agentshouldchoosea particular
TD at a giventime. To do this, we usestoredperformance
pro les [ZilbersteinandRussell, 1996 of a network.

In more detail, to generateperformancepro les, we let a
singleagentusesi e (with differentTd values)andall others
useNslE. Then,for eachTb value,we measurehe differ-
enceof this systems performancdrom thatwhereall agents
useNsIE. This determineshow a singleagents communica-
tion selectvity affectsglobal performanceover time and,in
turn, de nes our performancepro les. SubsequentlyAsiE
is implementedvheneachagentselectsat a giventime, the
7D which generatedhe bestperformancepro le. Thus,the
storedpro les arere-usedat run time by eachagentto dy-
namicallyselectits own TD.

However, in selectingTb dynamicallyasdescribedabove,
thefollowing pointsshouldbe noted. (1) Our ASIE approach
is myopic sinceeachagentconsideronly how its owncom-
municationactionin uencesglobal performance.Using es-
timatesof the actionsof otheragentscould generatebetter
performancesbut is likely to causepracticaldif culties in
termsof the computationatompleity associateavith such
estimation[Goldmanand Zilberstein,2004. (2) The time-
indexedperformancero les arere-usedn the ASIE system,
where,in fact, the systemcould be at a differentglobal state
than it was at the sametime when the pro le was gener
ated. Thus,the TD that generatedhe bestpro le ata given
time (and, thus, is selectedin ASIE) can be differentfrom
the onerequiredin the AsIE systemat the currenttime. To
alleviate this potentiallimitation, an agentneedgto estimate
the global state: again,a practicalproblem. (3) We gener
ateperformancepro les by letting oneagentusesie. Now,
in a distributedsystem the communicatioractionsof differ-




entagentscanimpactglobal performancalifferently. In this
casethe performancero les of differentagentswill bedif-
ferent. Neverthelesswe assumehat by choosinga “repre-
sentatve” agent,we cangeneratea performancepro le that
will befairly closeto thoseof any agent. Moreover, perfor
mancepro les of multiple agentscan be storedin caseof
systemswith heterogeneouagents.

4 Experimental Evaluation

For our experimentswe usethe network simulatorof [Dutta
etal., 2005. We createdifferentnetwork ernvironmentsby
changingthe following simulationparametersothatthere-
sultson performancdradeofs canbegeneralised.

Topology: Differentnetwork structurescanaffect system
performancalifferently, althoughwe would wantto establish
somegeneralconclusionsaboutperformancdrends. To this
end,we usea 36-nodeirregulargrid topology(g 1(a))used
previously in [BoyanandLittman, 1993 to make valid com-
parisons Also, two randomtopologiesof 50 nodes g 1(b))
and100nodeg( g 1(c))areused.

Traf ¢ patterns: Both uniform andnon-uniformnetwork
trafc is used. In the former, a commoncall origination
probability (cop) exists for all nodesand remainsconstant
throughoutan experiment. Thus,the network facesa steady
trafc in ow. In thelatter, the cop is selectedandomlyper
nodeandthenusedto generate call.

Information exchange algorithms: We comparesiE
againstNsIe (with various TD values)by comparingtheir
routing quality and messageoverheadsacross different
topologiesandload patterns. ASIE and NSIE are compared
similarly.
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(a) 36nodes

(b) 50nodes
Figure1l: Randomtopologies

(c) 100nodes

We choose the following performance measures (as
per[Duttaetal., 2009):

Call successate (CsR): Thisis thefractionof thenumber
of calls originatingthat actually get connectedo their des-
tinations. Given a network load and maximumnode band-
width, the more accuratethe routing tables,the morelikely
it is thatcallswill be connected.Thus,CsR is a measureof
routingquality (the coordinationeffectiveness).

Messagesize (MS): The size of an ack messages the
numberof state-aluesappendedo it. The smallerthe mes-
sagesize,the higherthe bandwidthsaved (the moreef cient
theinformation-sharinglgorithm).

We studytheimpactof communicatiorselectvity (TD) on
network performance Suchempiricalresultsallow a system
designeor userto examineperformanceradeofs acrosdif-
ferentnetwork environments. In this context, we canform
subjectve hypothesesuchas: (i) small TD generategood

Tablel: NsIE performanceuniform load

Topologyl Topology2 Topology3

COP| CSR | MS CSR CSR

Avg [ Stder [ Avg [ Stdev [ Avg [ Stder [ Avg |Stde/ Avg [ Stdes | Avg |Stde/

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

bandwidthsarzingsandonly slightly deteriorategall routing;
or (i) high TD generatesigni cant bandwidthsavings but
signi cantly deterioratescall routing. In our experiments,
rst, the csrR and Ms of the siE and ASIE are compared
againstthoseof NsSIE using uniform load, followed by us-
ing non-uniformload. The following parametewaluesare
used(asper[Duttaet al., 2005): , , and
maximumnumberof simultaneougallspernodeis 10.

4.1 Uniform Load

Each experimentusesa constantcop chosenfrom the set
. Note, the higherthe cop value,the
morecallsoriginateand,hencethehigherthe network load.

Performanceof NSIE: Our baseline results (NSIE) are
summarizedn Tablel, shaving the steadystateaveragecsr

andaveragev s valuedor differenttopologies.For all topolo-

gies, the averagecsr decreasesasthe cop increasegcalls

originatingincrease).With limited bandwidth(10 units per
node),asthe cop increasedargerpercentagesf originating
callsfail to be connected.Hence,the csr decreasesAlso,

the averagems decreasesvith increasingcop. At higher
cops, when all nodesgeneratdarge numberof calls, only

the short-distancealls connect. Having limited bandwidth,
a nodegetssaturatedvith the calls thatit originates. Then,
the extentto which a noderoutescalls originatingelsavhere
decreasewith increasingcop. Sinceack sizeis determined
by theroutelength,Ms decreasewith lesslong-distancealls

connectingat high cop.

Performanceof sie: Table 2 shaws the steadystateaver
agecsR andMms in the differenttopologiesusing SIE when

This is the minimumvalue that can take
to haveany communicatiorselectivity generatinga baseline
Sie. For all other , we getthe sametrends(excludeddue
to limited space).

In Table2, thetrendsin both csr andms areidenticalto
thosein Tablel. However, bothof thesein Table2 arelower
thanthecorrespondingaluesin Tablel. Hence SIE usedess
bandwidththan NSIE, but it hasa slightly reducedcall suc-
cesgate Wethencompareheseacrossall corand  val-
uesby generatingherelative differenceof the averagecsrs
andmssas:CSR CSR NSIE CSR SIE /CSR NSIE ,
andms MS NSIE ~ MS SIE /MS NSIE . Thus,the
higherthevalueof csr  , thepooreris the solutionquality
of sl comparedo NSIE. However, the higherthems
themoreef cient thecommunicatiorof 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 , CSR




Table2: sie performancg = 0.1): uniformload

Topology1 Topology2 Topology3
COP| CSR | MS CSR | MS CSR MS
Avg [ Stdes | Avg [Stdes | Avg [ Stdes | Avg [Side | Avg [ Stde [ Avg [ Stder
0.170.484] 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  is low, communi-
cation occursfor both small and large state-changesNow,
smallstate-changesccuratany cop valuebecausé¢he orig-
ination andterminationof few calls are more commonthan
alargernumber Larger state-change$iowever, occurmore
at highercops. Thus,for ary cop, alow value allows
frequentcommunication.This keepsthe RTs updatedfairly
well, thus,generatinggoodcall successates(closeto NSIE).
(2) Atlarger ,thesliE csRis signi cantly lowerthanNsIE
whencor is small,but remainscloseto NSIE at highercops.
Thus, causesa 32.0%cCsR whencor is 0.1,
but it is only about3.0% when cop is 0.8. High al-
lows communicatioronly for largestate-change®Now, large
state-changearerareat smallcops whennodesaresparsely
occupied,and so is communication. Thus, the RTs are not
up-to-datecausingpoorroutingandreducingthe csr of SIE.
But, athighercops, largestate-changggndcommunication)
aremorefrequent;hencecsr of SIE is closeto NSIE.

Studyingthe ms values( gure 2(b)) of topology 1,
we learn: (1) At any cop, the larger the , 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 bandwidthsasings
areachieved by makingcommunicatiorever moreselectve.
(2) Atany , achangin cop doesnotsigni cantly change
thems value Thus,slE maintainsa uniform advantage
over NSIE in termsof sarzing bandwidthfor all cop values.

In summarythesigni cant resultis thatthe bandwidthus-
ageimprovementof SIE (up to 99%) clearly offsetsits de-
gradingin routing(aslow as35%). More typically, we obtain
30-80%improvementin bandwidthef ciency atthe expense
of lessthan 5% degradationin routing quality. The results
from the othertopologiesshav similar trends.
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(a) CSRdifference (b) MS difference
Figure2: csr andms differencedetweersiE andNSIE

Performanceof ASIE: We study ASIE on a regular 6 6
grid wherethe centroidis the representatie node( ) (sec-
tion 3). Here, performanceproles ( ) representtime-
variationsof the percentageleviationsof globalcsr andms
betweennsiE andthe one whereonly usessiE andall
othersuseNsliE. In ASIE, node selectghat which gen-
erateshe leastdegradationin csr for the cop value,at that
time, in thepro le. It thenusesthis for its communica-
tion decision(equation(3)) until it choosesanew . We
selecta period of 1000time stepsfor storing performance
pro les and,thus,for choosinganen .

For eachcopr, we studiedthe frequeng with which the
CSR of ASIE deviatedfrom that of NSIE ( gure 3). In each
graph,usinga differentcop, the x-axis shavs the different
(percentagelsr deviations betweenAsiE andNSIE. The
y-axis shawvs the (percentagejlurationof a simulationrun
for which the correspondingsr deviation (the x-value)was
obsened. Thus,in gure 3(a),a 6% CSR deviation wasob-
sened (ASIE worsethanNsIE by 6%) for 10.2%time of the
simulation. We conclude: (1) At smaller cop values,ASIE
performsbetterthan sie by genemting CSRs that are closer
to the baselineNsiE. Thus,the majority of the csr differ-
enceshetweenasiE andNSIE is 4-6%for cop lessthan0.6.
For the samecop values,the meancsr differenceetween
SIE andNSIE is 8-16% (measureabn the sametopology but
omitted heredueto lack of space). So, the csr of ASIE is
up to 12% closerto the benchmarkhansig, implying a fur-
ther improvementin the quality of task processing.(2) At
higher cop values,siE performsslightly betterthanAsie by
achieveingcsrs closerto NSIE. Thus,for cops 0.6 and0.8,
thecsr differencen ASIE is mostly6-9%, while for SIE it is
4.5-5.6%.Theslightdecreas@ AslE performanceompared
to sIE is dueto thelimitation of a myopic algorithm (ASIE)
in adynamicervironment(large cop).

Now studyingthe ms of ASIE andsIE, we obsene: For all
COP, ASIE ensueshigherbandwidthsavingsthan sie: ASIE
savesup to 85-100%comparedo NSIE, whichis greater(by
up to 10%) thanthe bandwidthsavings of sIE comparedo
NSIE (plotsomitteddueto limited space).

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

(c) COP=0.6 (d) COP=0.8
Figure3: csRr differencebetweemsiE andNSIE



4.2 Non-Uniform Load
Having adynamiccop (variesbetweerD.1and0.9),we mea-

sureperformancesvertime insteadof steady-stateverages.

Performanceof sie: Figure 4 shavs the percentagedif-
ferencesof the csr andthe ms betweensie and NSIE for
topology 1 (othertopologiesshowv similar trends). We con-
clude: (1) Thehigherthe TD, the smalleris the csr of SIE
thanNsiE (poorerroutingthannsig, gure 4(a)),and(2) the
smalleris the Ms of siE thanNsIE (morebandwidthsavings
thanNsig, gure 4(b)). More typically, 60-90%bandwidth
saving is achievedincurringlessthan 10%lossin csR; fur-
ther con rming that siE is more bandwidthef cient andits
adwantagehoroughlyoffsetsits limitation.
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Figure4: csr andms differencesetweersiE 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 node over the past
(=1000) time steps. Then, it determinesits value as:
, Where s is the CSR per
formancepro le. The csr andwms differencesetweenthe
abovre-mentionedasie systemand NSIE are shavn in g-
ure 5. We alsorun SIE to compareit againstNSIE (results
omitted due to spacelimitation). Our results shav, with
non-uniformload, AsiE performedbetterthan siE over all
Thus, the meancsr differencein gure 5(a), about
7%, is smallerthantheminimumcsr difference about8.1%,
achievedby sie acrossall  , andthemeanwms differencein
gur e 5(b),about99.9%,is larger thanthe maximunwms dif-
ference about99%, achievedby siE, acrossall values
A x edTD for all nodes(asin sIE) is not an effective strat-
egy in dynamicload. Rather the nodesshouldadapttheir
communicatiorbehaiours;henceAsIE outperformssie.

5 Conclusions

Our novel protocol for selectiveinformation-sharingeffec-
tively tradesoff communicatiorutility and costin resource
constrainedVIAS. It usesinformationredundancyfor com-
municationdecisionsto save bandwidthand achiese good
coordination.Furthermoreit adaptghe selectvity levelsus-
ing storedperformancepro les. Empirical studieson a call
routing problemshaws, comparedo the mosteffective com-
municationstratey currentlyavailable,our protocolachieves

(a) CSRDifference (b) MS Difference
Figure5: csr andms differencedetweemsiE andNSIE

signi cant bandwidthsarings,while achiezing only aslightly
lower throughput.The adaptve stratgyy achievesfurtherim-
provementoverthe non-adaptre one.
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