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Summary. Designersof roboticgroupsarefacedwith theformidabletaskof creatingeffec-
tive coordinationarchitecturesthatcandealwith changingenvironmentconditionsandhard-
warefailures.Communicationbetweenrobotsis onemechanismthatcanat timesbehelpful
in suchsystems,but canalsocreatea time andenergy overheadthat reducesperformance.
In dealingwith this issue,variouscommunicationschemeshave beenproposedrangingfrom
centralizedandlocalizedalgorithms,to non-communicative methods.In this paperwe argue
that using a coordinationcost measurecan be useful for selectingthe appropriatelevel of
communicationwithin suchgroups.Weshow thatthismeasurecanbeusedto createadaptive
communicationmethodsthat switch betweenvariouscommunicationschemes.In extensive
experimentsin theforagingdomain,multi-robotteamsthatusedtheseadaptivemethodswere
ableto signi�cantly increasetheir productivity, comparedto teamsthatusedonly onetypeof
communicationscheme.

1 Intr oduction

Groupsof robotsare likely to accomplishcertaintasksmorequickly androbustly
thansingle robots[3, 5,7]. Many robotic domainssuchasrobotic searchandres-
cue,demining,vacuuming,andwastecleanuparecharacterizedby limited operating
spaceswhererobotsarelikely to collide. In orderto maintaingroupcohesionunder
suchconditions,sometype of information transferis likely to be helpful in facil-
itating coherentbehavior in robotic grouptasksandthusbetterachieve their task.
This is especiallytrue asrobotic domainsaretypically fraughtwith dynamicsand
uncertaintysuchashardwarefailures,changingenvironmentalconditions,andnoisy
sensors.

Questionssuchaswhatto communicateandto whomhavebeenthesubjectof re-
centstudy[7,11,12]. In theory, communicationshouldalwaysbeadvantageous–the
moreinformationa robothas,the better. However, assumingcommunicationhasa
cost,onemustalsoconsidertheresourcesconsumedin communication,andwhether
the costof communicationappropriatelymatchesthe needsof the domain.We be-
lievethatdifferentcommunicationschemesarebestsuitedfor differentenvironmen-
tal conditions.Becausenoonecommunicationmethodis alwaysmosteffective,one
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way to improve the useof communicationsin coordinationis to �nd a mechanism
for switchingbetweendifferentcommunicationprotocolsso asto matchthe given
environment.

Thispaperprovidessuchanadaptivecommunicationsframework usingacoordi-
nationcostmeasurethatquanti�esall resourcesspentoncoordinationactivities.Our
modelexplicitly includesresourcessuchasthetime andenergy spentcommunicat-
ing. In situationswherecon�icts betweengroupmembersarecommon,morerobust
meansof communication,suchascentralizedmodels,aremosteffective.Whencol-
lisions arerare,coordinationmethodsthat do not communicateandthushave the
lowestoverhead,work best.

Wepresenttwonoveldomain-independentadaptivecommunicationmethodsthat
usecommunicationcostestimatesto alter their communicationapproachbasedon
domainconditions.In our �rst approach,robotsuniformly switch their communi-
cationschemebetweendiffering communicationapproaches.In this method,robots
containfull implementationsof severalcommunicationmethods,andswitchbetween
themasneeded.In contrast,our secondapproachrepresentsa generalizedcommu-
nicationscheme,that allows eachrobot to adaptindependentlyto its domaincon-
ditions.Eachrobotcreatesits own communicationrangeradius(which we refer to
asits neighborhoodof communication), to createa sliding scaleof communication
betweenlocalizedto centralizedmethods.Eachrobotusesits coordinationcostesti-
mateto determinehow largeits neighborhoodshouldbe.

Toevaluatetheseadaptivemethods,weperformedthousandsof trialsusinganes-
tablishedroboticsimulator, in amulti-robotforagingtask.Wetestedgroupsof vary-
ing sizesandcommunicationmethods.We foundthatgroupsthatusedtheadaptive
methodsoftensigni�cantly exceededthebestproductivity levelsof thenon-adaptive
algorithmsthey werebasedon.

2 RelatedWork

A majorchallengeto designersof roboticgroupsexistsin choosinganoptimalcom-
municationmethod.Many practicalframeworkshave beenpresentedfor usewithin
roboticteams[3–9,12] andcangenerallybeassignedto categoriesof no communi-
cation,localized,andcentralizedapproaches.

It is possibleto createeffective groupbehavior without any communication[2].
For example,the Stigmergy concept[6] involves groupmembersbasingtheir ac-
tions by observinghow other group memberspreviously modi�ed their environ-
ment.This approachhasbeenshown to be effective in several animalandrobotic
domains[6] without usingany explicit communication.Coordinationwithout com-
municationcan potentially facilitate betteradaptability, robustnessand scalability
qualitiesovermethodsusingcommunication[11]. Additionally, thelackof commu-
nicationalsoallows suchmethodsto be implementedon simplerrobots.However,
suchalgorithmsoften requirepowerful andaccuratesensingcapabilities[9]. Also,
our resultsdemonstratethatgroupsimplementingthesemethodsdid notalwayspro-
vide the highestlevels of productivity, especiallywithin dynamicdomainswhere
frequentcoordinationcon�icts exist.
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A secondsetof approachesattemptto improvegroupperformanceby having ro-
botslocally communicateinformation[7,9]. For example,work of JägerandNebel
[7] presenta methodwherebyrobotsnearinga collision stoppedto exchangetrajec-
tory information.They thensuccessfullydetectandresolve deadlockconditionsof
two or morerobotsmutually blocking. However, their trajectoryplanningmethod
wasnot ableto performwell in groupsof over � ve robots.In contrast,Mataric [9]
reportedthat a local communicationschemescaledwell with groupsize.Onekey
differenceseemsto lie within the local communicationimplementations.In Jäger's
algorithm,oneor morerobotsmuststopmoving during trajectoryreplanning.We
believe this led to a breakdown in the systemoncethe groupsizegrew. Mataric's
locally communicatingrobotsbroadcastinformationwhile continuingtheir foraging
task.Thisallowedfor betterscalabilityqualities.

A third typeof approachinvolvestheuseof sometypeof centralrepositoryof
information [12]. This centralizedbody, which could alsobe implementedasone
"expert" teammate,would thenbeableto easilyshareits storeof pooledinformation
with otherteammates.While this approachallows for free informationsharingand
canthusimprove performance,severaldrawbacksareevident.First, thecentralized
mechanismcreatesasinglepointof failure.Thecostof communicationis alsolikely
to belarge,andrequireshardwareandbandwidthsuitablefor simultaneouscommu-
nicationwith the centralizedbody. While thesedrawbacksareat timessigni�cant,
they maybejusti�ed giventheneedsof thedomain.

In this work, we assumethatrepresentative communicationmethodsfrom these
categoriesareprede�ned,andhave beenimplementedwith optimalvaluesfor their
exactparametersgivendomainconditions.Severalapproachesexist for �nding these
parameterswithin a given coordinationmethod.For example,work by Yoshidaet
al. [4] presenteda framework to derive an optimal localizedcommunicationarea
betweenswithin groupsof robotsto shareinformationin a minimumof time. This
approachassumesdomainconditionssuchasspatialdistributionsandtheprobabil-
ity of informationtransmissioncanbereadilycalculated.Previously, Goldberg and
Mataric [5] focusedon interference(which they de�ned as the time robotsspent
colliding) asa basisfor measuringa coordinationmethod's effectiveness.However,
they did notaddresshow to createadaptive methodsbasedon interference.Ourpre-
viouswork [10] built uponthis interferencede�nition to includeall resourcesspent
resolvingcoordinationcon�icts includingthetime spentbeforeandaftercollisions.
Wethendemonstratedthatparametertweakingis possiblethroughthismeasure.The
advantageto this approachover thework of Yoshidaet al. [4] is its ability to allow
robotsto autonomouslyadapt,evenin dynamicenvironments.However, in contrast
to theirwork, ourpreviouswork [10] did not studycommunicationissues.

In this work, we usecoordinationcostmeasuresto comparea givensetof com-
municationmethodsandto createadaptive methodsbasedon theseexisting meth-
ods.We explicitly modelall resourcesspenton coordinationactivities includingthe
resourcesspenton communicationevenif they do not detractfrom thetime to com-
pletethe task.Our goal wasto properlymatchcommunicationmethodsto domain
conditions,while consideringtheir relative costs.Furthermore,adaptationbetween
communicationschemespresentsnew challenges,sincemany protocolsrequirestan-
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dardizedcommunicationbetweenall teammembers.Thesechallengesareaddressed
in thispaper.

3 UsingCoordination Coststo Adapt Communications
Our coordinationcostmeasurefacilitatesidentifying which communicationmethod
is mostsuitablegiven the environment.We modelevery robot's coordinationcost
Ci , asa factorthatimpactstheentiregroup'sproductivity. Weanalyzetwo costcate-
gories:(i) costsrelatingto communicationand(ii) proactiveand/orreactivecollision
resolutionbehaviors.We focuson thetime andenergy spentcommunicatingandin
the consequentresolutionsbehaviors (seeImplementationSectionfor full details).
We then combinethesefactorsto createa multi-attribute cost function basedon
the Simple Additive Weighting (SAW) method[14] often usedfor multi-attribute
utility functions.While methodswith no communicationhave no Ci for communi-
cation,this methodcouldnot alwayssuccessfullyresolve collisionsandthenspent
moreresourcesoncollision resolutionbehaviors,or anotherCi . Conversely, central-
izedmethodsincurreda communicationcostCi thatofteneclipsedtheneedsof the
domainandweighedheavily on productivity. Othercommunicationissues,suchas
bandwidthlimitations,cansimilarly becategorizedasadditionalcostfactorsasthey
impactany speci�c robot.For example,if a robot neededto retransmita message
dueto limited sharedbandwidth,costsin termsof additionaltime latency anden-
ergy usedin retransmissionarelikely to result.

Using this measurewe cancomparecommunicationmethods,but in this paper
we focuson usingit for onlineadaptationbetweencommunicationschemes.In this
sectionwepresenttwo typesof adaptivemethods:(i) uniformcommunicationadap-
tation(ii) adaptiveneighborhoodsof communication.Bothmethodsledto signi�cant
increasesin productivity over staticapproaches(seeExperimentssection).

3.1 Uniform Switching BetweenMethods

In our �rst method,all robotssimultaneouslyswitch betweenmutually exclusive
communicationmethodsas needed.In order to facilitate this form of adaptation,
eachrobot autonomouslymaintainsa costestimate,V usedto decidewhich com-
municationmethodto use.As a robotdetectsno resourcecon�icts, it decreasesan
estimateof this cost,V , by an amountWdow n . Whena robot sensesa con�ict is
occurring,the value of V is increasedby an amountWup . The valuesfor V are
thenmappedto a setof communicationschemesmethodsrangingfrom thosewith
little costoverheadsuchasthosewith no communication,to morerobust methods
with higheroverheadssuchasthe localizedandcentralizedmethods.As the level
of projectedcon�icts rises(asbecomesmorelikely in largergroupsizes)thevalue
of V risesin turn, and the robotsuseprogressively more aggressive communica-
tion methodsto moreeffectively resolve projectedcollisions.While theseactivities
themselvesconstituteacostthatdetractsfrom thegroup'sproductivity, they arenec-
essaryasmoresimplebehaviors did not suf�ce. As differentcoordinationmethods
oftenhavedifferentcosts,Ci for agivendomain,webelievedthisapproachcouldbe
usedto signi�cantly improve theproductivity of thegroup.



AdaptiveRoboticCommunicationusingCoordinationCosts 5

Several key issuesneededto be addressedin implementingthis methodwith
groupsof robots.First, we assumedthat all groupmembersareawareof the over-
headsassociatedwith variouscoordinationmethods,andcanorderthembasedon
their relative complexities. This orderingcanbe derived from theoreticalanalysis
or throughobservation (as we do in later in this paper).Second,an approachto
quickly set the weights,Wup , and Wdow n usedwithin our algorithmsis needed.
While traditionallearningmethods,suchasQ-learning[13] mayconvergeonanop-
timal policy, this approachis dif�cult to implementbecauseof two major reasons.
First,Q-learningis basedonaaconceptof "state"thatis notreadilyde�nableduring
taskexecution.As opposedto clearlyde�neddiscretedomains,thereis norewardfor
any givencycleof activity in theroboticdomainswestudied.Evenassuminganop-
timal policy couldbe learned,a second,morefundamentalproblemexists.Robotic
domainsoftencontaindynamicsthat rendera learnedpolicy obsoletevery quickly.
Thus,our approachis to sacri�ce �nding a globally optimalpolicy in exchangefor
�nding a locally optimalpolicy afteramuchshortertrainingperiodfor ourweights.
Weusedagradientlearningprocedureto achieve this result.

Next, it mustbenotedthatuniformadaptationrequiresall robotsto changecom-
municationin syncbecauseof themutualexclusivity of themethodsused.For exam-
ple, it is impossiblefor onerobotto usea centralizedmethod,with othersusingone
withoutcommunication,asthecentralizedapproachis basedoninformationfrom all
teammembers.As a result,onceany onerobot in thegroupautonomouslydecided
it neededto switchcommunicationschemes,acommunicationchangemustalsooc-
cur within all otherteammembers.This couldforcecertainmembersto usea more
expensive communicationmethodthanit locally foundnecessary. We relaxedthese
requirementsin thesecondadaptive method,presentedin thenext section.

Finally, caremustbetakento preventtherobotsfrom quickly oscillatingbetween
methodsbasedon their localizedconditions.In our implementation,communication
adaptationwastriggeredonceonerobot's valuefor V exceededa certainthreshold.
After this point, that robot broadcastedwhich methodit wasswitching to andall
groupmemberswould changein kind andreinitialize their costestimatesV to this
new value.Furthermore,we alsouseddomainspeci�c information,suchaspriori-
tizing collisionscloserto thehomebasewithin our foragingdomain.In this fashion,
we partially limited thetypesof triggersto thoseof importanceto theentiregroup.
Onceagain, our secondtypeof communicationadaptationrelaxesthis requirement
andis effective withoutany suchheuristics.

3.2 Adaptive Neighborhoodsof Communication

Theadvantagein our �rst adaptiveapproachlies in its simplicity. Ouruniformadap-
tive approachswitchesbetweenexisting coordinationmethodsbasedon estimated
coordinationcost.Assumingoneanalyzesa new domainwith completelydifferent
communicationmethods,andcanorderthecommunicationmethodsbasedon their
communicationcosts,this approachwill beequallyvalid asit implementsexisting
methodsandreachesthehighestlevelsof productivity from amongthosemethods–
whatever they maybe.
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In contrast,our secondadaptationmethodis a parameterizedgeneralizationof
thethreespeci�c categoriesof communicationmethods(No-Communication,Local-
ized,andCentralized).As many roboticdomainsuseelementsof thesesamemeth-
ods[3, 4,6–8,12], we reasonthat a similar approachis likely to work in theseand
otherdomainsaswell.

Thebasisof this approachis introducinga parameterto controlhow largea ra-
diusof communicationis usedby eachrobot.This methodusesa distanced inside
which robotsexchangeinformation,which we term its communicationneighbor-
hood.Formally, this radiusof communicationcouldbeconsidereda neighborhood
� of sized, createdfrom robotv andincludesall teammates,u, insidethis radius.
As such,we representtheneighborhoodas� d(v) = f uj u robot,dist (u; v) � dg.

Adjustingthevalueof d in � d canbeusedto approximatethepreviouslystudied
communicationcategories.Assumingd is setto zero,nocommunicationwill everbe
exchangedandthismethodis trivially equivalentto theNo-Communicationmethod.
Assumingd is setto somesmallamount," , this methodwill becomesimilar to the
Localizedmethodandinformationwill beexchangedonly with therobotit is about
to collide with. If d is setto theradiusof thedomain,theneighborhoodof commu-
nicationencompassesall teammatesthis methodbecomessimilar to theCentralized
method.Thus,thedegreeof centralizationexclusively dependson thevalueof d.

4 Implementation Details
We usedtheTeambots[1] simulatorto implementcommunicationschemesinvolv-
ing no communication,localizedandcentralizedapproacheswithin groupsof No-
madN150foragingrobots.Theforagingdomainis de�ned aslocatingtarget items
from a searchregion S, anddeliveringthemto a goal region G [5]. Foragingrobots
oftencollideasthey approachthehomebase(s)within theirareaof operation.In our
domaintherewasonly onegoal region, G, which waslocatedin the centerof the
operatingarea.In our implementation,therewerea total of 60 targetpucksspread
throughoutanoperatingareaof approximately10 by 10 meters.We measuredhow
many pucksweredeliveredto the goal region within 9 minutesby groupsof 2–30
robotsusingeachcommunicationtype.Weaveragedtheresultsof 100trials for each
groupsizewith therobotsbeingplacedat randominitial positionsfor eachrun.The
numberof trialsperformedandtherelatively largegroupsizeswouldhavebeendif-
�cult to implementonphysicalrobots.

We createdexperimentsetsmeasuringthetime andenergy spentin two coordi-
nationcategories–communicationandcollisionresolution.Thecoordinationcostsin
our �rst setof experimentsinvolved the time spentin communicationandcollision
resolutionbehaviors out of eachtrial's total time of 9 minutes.In our secondsetof
experiments,weallocatedeachrobot500unitsof fuel. Weassumedmostof thefuel
was usedby the robotsto move, with a smalleramount(1 unit per 100 seconds)
usedto maintainbasicsensorsandprocessing.For the time basedexperiments,we
assumedrobotspairsstoppedfor 1/5of asecondto communicate,representingsome
methods[7] whererobotsstopto exchangeinformation.In theenergy basedlocal-
ized experiments,we assumedrobotsdid not stop to communicate,as is the case
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with othermethods[9], but eachrobotstill spent0.3 unitsof fuel percommunica-
tion exchange.Our coordinationcostinvolved the amountof fuel that wasusedin
communicationandrepulsionbehaviors.

All threecommunicationschemesweresimilar in that they resolved collisions
by mutually repellingoncethey senseda teammatewithin a certainsafedistance
" , which we set to 1.5 robot radii. Oncewithin this distance,robotsactedasthey
werein dangerof colliding andusedrepulsionsschemesto resolve theircollision(s).
The No-Communicationmethodwasuniquein that robotsnever usedtime or fuel
to communicate,andthusonly hadcostsrelatingto the repulsionbehaviors robots
engagedin. However, this methodassumeddomainspeci�c information, namely
it usedthe robot's autonomouslycomputedscalardistance,S, from its locationto
the homebasein the domain.Robotsuseda function of this distance,which we
implementedto be5 timesS androundedto theclosestsecond,asthetime to repel
from its teammate(s)afteraprojectedcollision.

Our localizedmethodusedlessdomainspeci�c informationandis similar to the
localizedmethodspreviously proposed[7, 9]. Communicationbetweenrobotswas
initiatedonceit wasin dangerof colliding–ateammatecamewithin the" distance.
After this event,thesegroupmemberswould exchangeinformationabove their tra-
jectories(heretheir relativedistancesfrom their typical target,theirhomebase).The
closerrobotthenmovedforward,while theotherrobotrepelledfor a �x edperiodof
20seconds.

Our�nal method,Centralized, usedacentralizedserverwith adatabaseof thelo-
cationof all therobotssimilar to othercentralizedmethods[12]. Within thismethod,
oneof two eventstriggeredcommunication.First, aswith thelocalizedmethod,ro-
botsdroppingwithin the " distanceinitiated communicationby reportingits posi-
tion, doneherewith the centralizedserver. The server then reportedback a repel
valuebasedon its relative positionto all otherteammates.However, in orderfor the
server to storea goodestimateof the positionsof all robots,a second,often more
frequenttypeof communicationwasneededwhereeachrobot reportedits position
to theserver with frequency L . If this communicationoccurredtoo frequently, this
centraldatabasewould have the bestestimateof positions,but the time or energy
spenton communicationwould spike, andproductivity would plummet.If commu-
nicationwasinfrequent,the latency of the informationstoredon the server would
createoutdateddata.This in turnwould reducetheeffectivenessof thismethod,and
resultin morecollisions.Wefoundthatalatency timeof 1 secondyieldedthehighest
productivity in thetimebasedexperiments,andalatency valueof 5 secondsyielding
thehighestproductivity within theenergy basedexperiments.

It is importantto stressthatthefocusof ourwork is switchingbetweencategories
of communicationmethods,andnot to �nd optimalparameterswithin any onegiven
communicationmethod.We referthereaderto previouswork [4,10] on how to the-
oreticallyor empiricallyderive parameterswithin onecommunicationmethod.Our
work is basedon the understandingthat a high negative correlationexists between
eachgroups'productivity andour coordinationcost,regardlessof theexact imple-
mentationfor theparametersusedin theNo-Communication,LocalizedandCentral-
ized methods.For example,we studied7 latency variationswithin the Centralized



8 Avi Rosenfeld,GalA Kaminka,andSaritKraus

methodin both experimentsets.Our groupsenforcedmaximal latency periodsof
L setto 0.1,0.3,1, 5, 10, 30 and60 seconds.While theoptimal latency valuewas
differentacrossexperimentsets,in both casesthe productivity of thesevariations
washighly negatively correlatedwith their relative coordinationcosts.In the �rst
case,we foundacorrelationof -0.95betweentheselatency variationsandthecorre-
spondingcoordinationcostbasedon time. In thetrials basedon fuel, this valuewas
-0.97.Similarly, factorssuchastheexactenergy spentoncommunicationexchanges
(0.3 units of fuel per exchange)or the time spenton communication(1/5 seconds
per exchange)could vary acrossdomains,or the distancebetweencommunication
partners.However, weconsistentlyfoundthattheresourcesspentonthesecommuni-
cationexchangeswasstronglynegatively correlatedwith thosegroups'productivity.

Whileweconsidertheneighborhoodcommunicationapproachto beaparameter-
izedgeneralizationof the threepreviously describedcategories,someimplementa-
tion detailsdiffer in thismethodover thestaticonesit emulates.Within thismethod,
onceany robotA, detectsanotherrobotwithin the" distance,it initiatescommuni-
cationwith all robotsfound within the � d(A) area.All robotsin � d(A) mustthen
reportbackto RobotA with their projectedtrajectories.RobotA thensortsall ro-
bots' trajectoriesby their relative distancesfrom thehomebasein thedomain.This
robot thenreportsbackto every robotwithin � d(A) a repelvaluebasedon that ro-
bot's relative positionin theneighborhood.All robots,includingtheinitiating robot
(robotA), thenacceptthis valueandimmediatelyengagein repelbehaviors for the
dictatedlengthof time.It is possiblethata robotmaybeamemberof morethanone
neighborhood.In suchcases,robotsacceptthe larger repelvalueregardlessof the
sender.

While the repelamountsof the robot initiating communication(RobotA) are
calculatedin a similar fashionto thepreviously describedcentralizedmethod,here
thesevaluesarecalculatedby membersof theteam,insteadof onecentralizedserver.
Theradiusof communicationin thecentralizedapproachis thefull width of thedo-
main,while the� d radiusis typically muchsmaller. However, thebiggestdifference
in implementingthis approachis how repelvaluesareobtained.Robotsin previous
methodsonly repelledbasedon communicationreceived after droppingwithin the
" distance.In this method,robotsmayrepelif they enterthe � d radiuseven if they
arenot in immediatedangerof colliding. Thereasonfor this is asfollows.As robots
within the� d radiusaretypically closeto eachother, we foundthattheserobotsof-
tenwould sooninitiate their own radii of communication.In othermethodsthis was
not a concern,asotherteammateswerenot effectedby this phenomenon.However,
herethiswouldcreatemultipleneighborhoodsinvolving thesameteammates.Thus,
proactively assigningrepelvalueswascrucial for containingcommunicationcosts
as� d grew.

5 Experimental Results
The�rst setof experimentsattemptsto �rst lendsupportto theunderlyinghypoth-
esis,that the combinedcoordinationcostmeasureis in fact correlatedto the pro-
ductivity of the differentgroups.Our resultsfrom experimentsinvolving time and
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energy costssupporttheclaim that thebestmethodof communicationdoeschange
with domainconditions(see�gure 1). In the time experiments,we found an aver-
agecorrelationof -0.96betweenthe averageproductivity found in groupsof 2–30
robotsandthe group's correspondingaveragecost.In the equivalentenergy based
experiments,we foundavalueof -0.95.

Fig. 1. Comparingtheproductivity levelsof threecommunicationtypeswith thecoordination
costsbasedon the time spenton communicationrelative to different group sizes.Results
averagedfrom 100trialsperdatapoint.

Similarly, we found thatno oneneighborhoodsizealwaysfaredbest.We com-
paredtheproductivity levelsof foraginggroupswhered wassetto 1, 2, 3, 5 and50
robotlengths.Recallthat" is approximately1 robotlength(1.5radii).Thus� 1 repre-
sentsthenearlylocalizedvariationwith � 50 correspondingto thenearlycentralized
versionof thismethod.

Figure2 representstherelative productivity levelsfor thesestaticneighborhood
groupsrelative to the energy costslevels measuredin thesegroups.Notice how in
small groups,� 1 yieldedthe highestaverageproductivity. As we have seen,when
possible,resourcesspenton coordination,hereby creatinglarge communication
neighborhoods,shouldbeavoidedwhenpossible.As smallareasof communication
suf�ced in small groups,this approachhadthe highestproductivity. As the group
size grew, additionalcommunicationwas necessaryto maintainhigh productivity
levels.As aresult,largerneighborhoodswerenecessaryandgroupswith � 5 resulted
in the highestproductivity. However, forcing too much communicationwhen not
necessarycreatedcommunicationcoststhat reducedproductivity to levels found in
methodsthatspendtoofew resourcesoncommunication.In thismethod,theproduc-
tivity level of the � 50 method,which createdtoo largea neighborhood,approached
thoseof � 1, whichdid notcreatea largeenoughone.Weagain foundastrongcorre-
lationbetweenthevarious� d variationsandthegroups'correspondingcoordination
costsandproductivity with anaveragenegative correlationof � 0:96.

Basedon the con�rmed hypothesis,that the costmeasureis indeedcorrelated
(negatively)with performance,thenext setof experimentsevaluatedtheperformance
of the two adaptive methodscomparedto the static methodson which they were
based.Figure3 shows theresultsfrom theseexperiments.Noticethatbothadaptive
approachesapproximatedor signi�cantly exceededthe highestproductivity levels
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Fig. 2.Theimpactof varyingneighborhoodsizes(d) onproductivity levelsandcostsin energy
experiments.Resultsaveragedfrom 100trialsperdatapoint.

of the static methods(No Communication,Local, and Centralizedmethods)they
werebasedon, especiallyin mediumto large groups.We attribute the successof
bothmethodsto their ability to changecommunicationmethodsto theneedsof the
domain.We believe that the neighborhoodmethodoutperformedthe uniform one
as it was allowed to createlocally different neighborhoodsizes,somethingnone
of the staticneighborhoodmethodswerecapableof. This in turn facilitatedbetter
adaptationandhigherproductivity.

Fig. 3. Comparingadaptive communicationmethodsbasedon time andenergy coststo static
methods.Resultsaveragedfrom 100trialsperdatapoint.

To evaluatethe statisticalsigni�cance of theseresults,we conductedthe two
tailedt-testanda1-factorANOVA testcomparingouradaptivegroupsandthethree
staticgroupsthey werebasedon.In all cases,in bothtimeandenergy categories,the
null hypothesisp valueswerebelow 0.001.Thiscon�rms ourhypothesisthatwecan
improve productivity throughcreatingadaptive methodsbasedon communication
costs.

6 Conclusion
This work demonstrateshow coordinationcostscanaccountfor the relative effec-
tivenessof robotic communicationmethods.Our measurefocuseson the time and
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energy spentcommunicatingandresolvingcollisions.Wedemonstratetheeffective-
nessof our methodsin comparingbetweenvery differentcommunicationmethods
falling within categoriesof no communication,localizedandcentralizedcommuni-
cationmethods.By usingthis informationwe areableto matchthe mosteffective
communicationschemeto a given robotic domain.We presenttwo generaladap-
tive communicationalgorithms,uniform andneighborhoodmethods.We show, in
thousandsof foragingexperiments,thatcoordinationcostis indeednegatively corre-
latedwith productivity, andthattheuseof our adaptive methodsleadsto signi�cant
performanceboosts.While we �nd the neighborhoodadaptive methodto be more
effective in theroboticforagingdomainwestudied,bothapproachesarelikely to be
applicableto many otherdomains[3,7,8,12]. It is possiblethattheuniformmethod
is easierto implementor will yield betteradaptive qualitiesin otherdomains.
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