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Summary. Designerof robotic groupsarefacedwith the formidabletaskof creatingeffec-
tive coordinationarchitectureshatcandealwith changingervironmentconditionsandhard-
warefailures.Communicatiorbetweerrobotsis onemechanisnthatcanat timesbe helpful
in suchsystemshut canalso createa time and enegy overheadthat reducesperformance.
In dealingwith thisissue variouscommunicatiorschemesave beenproposedangingfrom
centralizedandlocalizedalgorithms,to non-communicatie methodsIn this paperwe amgue
that using a coordinationcost measurecan be useful for selectingthe appropriatelevel of
communicatiorwithin suchgroups We show thatthis measureanbe usedto createadaptve
communicatiormethodsthat switch betweenvariouscommunicatiorschemesln extensve
experimentsn theforagingdomain,multi-robotteamsthatusedtheseadaptve methodsvere
ableto signi cantly increaseheir productvity, comparedo teamsthatusedonly onetype of
communicatiorscheme.

1 Intr oduction

Groupsof robotsarelikely to accomplishcertaintasksmore quickly androbustly
thansinglerobots[3, 5, 7]. Many robotic domainssuchasrobotic searchandres-
cue,demining,vacuumingandwastecleanuparecharacterizetby limited operating
spacesvhererobotsarelikely to collide. In orderto maintaingroupcohesiorunder
suchconditions,sometype of information transferis likely to be helpful in facil-
itating coherentbehaior in robotic group tasksand thus betterachieve their task.
This is especiallytrue asrobotic domainsare typically fraughtwith dynamicsand
uncertaintysuchashardwarefailures,changingervironmentalconditions andnoisy
sensors.

Questionsuchaswhatto communicatendto whomhave beerthesubjectof re-
centstudy[7,11,12]. In theory communicatiorshouldalwaysbe advantageous—the
moreinformationa robot has,the better However, assumingcommunicatiorhasa
cost,onemustalsoconsidetheresourcesonsumedn communicationandwhether
the costof communicatiorappropriatelymatcheghe needsof the domain.We be-
lieve thatdifferentcommunicatiorschemesgrebestsuitedfor differentervironmen-
tal conditions.Becauseno onecommunicatiormethodis alwaysmosteffective, one
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way to improve the useof communicationsn coordinationis to nd a mechanism
for switching betweendifferentcommunicatiorprotocolsso asto matchthe given
ervironment.

Thispapemrovidessuchanadaptve communicationframevork usingacoordi-
nationcostmeasurehatquanti esall resourcespenton coordinatioractiities. Our
modelexplicitly includesresourcesuchasthetime andenegy spentcommunicat-
ing. In situationswherecon icts betweergroupmembersarecommon morerobust
meanf communicationsuchascentralizednodels aremosteffective. Whencol-
lisions arerare, coordinationmethodsthat do not communicateand thus have the
lowestoverheadwork best.

We presentwo novel domain-independemtdaptve communicatiomethodghat
usecommunicatiorcostestimatedo alter their communicatiorapproachbasedon
domainconditions.In our rst approachyobotsuniformly switch their communi-
cationschemebetweendiffering communicatiorapproachedn this methodrobots
containfull implementationsf severalcommunicationrmethodsandswitchbetween
themasneededIn contrastour secondapproactrepresents generalizedcommu-
nicationschemethat allows eachrobot to adaptindependentlyto its domaincon-
ditions. Eachrobot creatests own communicatiorrangeradius(which we referto
asits neighborhoodf communicatioly to createa sliding scaleof communication
betweerocalizedto centralizednethodsEachrobotusests coordinationcostesti-
mateto determinehow largeits neighborhoodhouldbe.

To evaluatetheseadaptve methodswe performedhousandsf trialsusinganes-
tablishedroboticsimulator in a multi-robotforagingtask.We testedgroupsof vary-
ing sizesandcommunicatiormethodsWe foundthatgroupsthat usedthe adaptve
methodsoftensigni cantly exceededhebestproductvity levelsof thenon-adaptie
algorithmsthey werebasedon.

2 RelatedWork

A majorchallengedo designer®f roboticgroupsexistsin choosinganoptimalcom-
municationmethod.Many practicalframevorks have beenpresentedor usewithin
roboticteamg3-9,12] andcangenerallybe assignedo cateyoriesof no communi-
cation,localized,andcentralizedapproaches.

It is possibleto createeffective groupbehaior withoutarny communicatiori2].
For example,the Stigmegy concept[6] involves group membersbasingtheir ac-
tions by observinghow other group memberspreviously modi ed their erviron-
ment. This approachhasbeenshavn to be effective in seseral animalandrobotic
domaing[6] without usingary explicit communicationCoordinationwithout com-
municationcan potentially facilitate better adaptability robustnessand scalability
qualitiesover methodsusingcommunicatiorj11]. Additionally, thelack of commu-
nicationalsoallows suchmethodsto be implementedon simplerrobots.However,
suchalgorithmsoften requirepowerful and accuratesensingcapabilities[9]. Also,
ourresultsdemonstrat¢hatgroupsimplementinghesemethoddid notalwayspro-
vide the highestlevels of productvity, especiallywithin dynamicdomainswhere
frequentcoordinationcon icts exist.
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A secondsetof approacheattemptto improve groupperformancéy having ro-
botslocally communicaténformation[7, 9]. For example,work of JdgerandNebel
[7] presenta methodwherebyrobotsnearinga collision stoppedo exchangerajec-
tory information. They thensuccessfullydetectandresole deadlockconditionsof
two or morerobotsmutually blocking. However, their trajectoryplanningmethod
wasnot ableto performwell in groupsof over ve robots.In contrastMataric [9]
reportedthat a local communicationrschemescaledwell with groupsize.One key
differenceseemdo lie within the local communicatiorimplementationsln Jagers
algorithm, one or more robotsmuststop moving during trajectoryreplanning.We
believe this led to a breakdevn in the systemoncethe group size grew. Mataric's
locally communicatingobotsbroadcasinformationwhile continuingtheir foraging
task.This allowedfor betterscalabilityqualities.

A third type of approachnvolvesthe useof sometype of centralrepositoryof
information[12]. This centralizedbody, which could also be implementedasone
"expert"teammatewould thenbeableto easilyshareits storeof pooledinformation
with otherteammateswhile this approactallows for free informationsharingand
canthusimprove performanceseveral dravbacksare evident. First, the centralized
mechanisntreates singlepointof failure. Thecostof communicationis alsolik ely
to belarge,andrequireshardwareandbandwidthsuitablefor simultaneousommu-
nicationwith the centralizedbody While thesedravbacksare at timessigni cant,
they maybejusti ed giventhe needsof thedomain.

In this work, we assumehatrepresentatie communicatiormethodsrom these
catgyoriesareprede ned,andhave beenimplementedvith optimalvaluesfor their
exactparametergivendomainconditions Severalapproacheexistfor nding these
parametersvithin a given coordinationmethod.For example,work by Yoshidaet
al. [4] presenteda framework to derive an optimal localizedcommunicationarea
betweenswithin groupsof robotsto shareinformationin a minimum of time. This
approachassumeslomainconditionssuchasspatialdistributionsandthe probabil-
ity of informationtransmissiorcanbe readily calculated Previously, Goldbeg and
Mataric [5] focusedon interference(which they de ned asthe time robotsspent
colliding) asa basisfor measuringa coordinationmethods effectivenessHowever,
they did notaddressiow to createadaptve methodshasedn interferenceQur pre-
viouswork [10] built uponthis interferencede nition to includeall resourcespent
resolvingcoordinationcon icts includingthetime spentbeforeandafter collisions.
Wethendemonstratethatparametetweakingis possiblethroughthis measureThe
adwantageto this approachover the work of Yoshidaet al. [4] is its ability to allow
robotsto autonomoushadapt.evenin dynamicervironments However, in contrast
to theirwork, our previouswork [10] did not studycommunicatiorissues.

In this work, we usecoordinationcostmeasure$o comparea given setof com-
municationmethodsandto createadaptve methodsbasedon theseexisting meth-
ods.We explicitly modelall resourcespenton coordinationactvities includingthe
resourcespenton communicatiorevenif they do notdetractfrom thetime to com-
pletethe task.Our goal wasto properly matchcommunicatiormethodsto domain
conditions,while consideringtheir relative costs.Furthermoreadaptatiorbetween
communicatiorschemegresentsiew challengessincemary protocolsrequirestan-
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dardizedcommunicatiorbetweerall teammembersThesechallengesreaddressed
in this paper

3 Using Coordination Coststo Adapt Communications

Our coordinationcostmeasurdacilitatesidentifying which communicatiormethod
is mostsuitablegiven the ervironment.We model every robot's coordinationcost
G, asafactorthatimpactstheentiregroup’s productvity. We analyzetwo costcate-
gories:(i) costsrelatingto communicatiorand(ii) proactize and/orreactve collision
resolutionbehaiors. We focuson the time andenegy spentcommunicatingandin
the consequentesolutionsbehaiors (seelmplementationSectionfor 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 communicatiorhave no G for communi-
cation,this methodcould not always successfullyresohe collisionsandthenspent
moreresource®n collision resolutionbehaiors, or anotherG . Corversely central-
ized methodsncurreda communicatiorcostG thatoften eclipsedthe needsof the
domainandweighedheaily on productvity. Othercommunicatiorissuessuchas
bandwidthlimitations,cansimilarly be catgyorizedasadditionalcostfactorsasthey
impactary speci ¢ robot. For example,if a robot neededo retransmita message
dueto limited sharedbandwidth,costsin termsof additionaltime lateng anden-
ergy usedin retransmissiomrelik ely to result.

Using this measureve cancomparecommunicatiormethodsput in this paper
we focuson usingit for online adaptatiorbetweencommunicatiorschemesin this
sectionwe presentwo typesof adaptve methods(i) uniform communicatioradap-
tation(ii) adaptve neighborhoodsf communicationBothmethoddedto signi cant
increasesn productiity over staticapproachegseeExperimentssection).

3.1 Uniform Switching BetweenMethods

In our rst method,all robotssimultaneouslyswitch betweenmutually exclusive

communicationmethodsas neededIn orderto facilitate this form of adaptation,
eachrobot autonomouslymaintainsa costestimate V usedto decidewhich com-

municationmethodto use.As a robot detectsno resourcecon icts, it decreasean

estimateof this cost,V, by an amountWgye . Whena robot sensesa con ict is

occurring,the value of V is increasedby an amountW,,. The valuesfor V are
thenmappedo a setof communicatiorschemesnethodsrangingfrom thosewith

little costoverheadsuchasthosewith no communicationfo morerobust methods
with higheroverheadsuchasthe localizedand centralizedmethods As the level

of projectedcon icts rises(asbecomesnorelikely in larger groupsizes)the value
of V risesin turn, andthe robotsuse progressiely more aggressie communica-
tion methodgo moreeffectively resole projectedcollisions.While theseactiities

themselesconstitutea costthatdetractdrom thegroup’s productvity, they arenec-
essaryasmoresimplebehaiors did not sufce. As differentcoordinationmethods
oftenhave differentcosts,G for agivendomain,we believedthis approactcouldbe

usedto signi cantly improve the productvity of thegroup.
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Several key issuesneededto be addressedn implementingthis methodwith
groupsof robots.First, we assumedhat all groupmembersare aware of the over
headsassociatedvith variouscoordinationmethodsand canorderthembasedon
their relatve compleities. This orderingcan be derived from theoreticalanalysis
or through obsenation (aswe do in later in this paper).Second,an approachto
quickly setthe weights, Wy, , and Wgonn usedwithin our algorithmsis needed.
While traditionallearningmethodssuchasQ-learning[13] maycorverge on anop-
timal policy, this approachs dif cult to implementbecausef two major reasons.
First,Q-learningis basenaaconcepbf "state"thatis notreadilyde nableduring
taskexecution.As opposedo clearlyde ned discretedomainsthereis norewardfor
ary givencycle of actiity in theroboticdomainswe studied Evenassuminganop-
timal policy could belearneda secondmorefundamentaproblemexists. Robotic
domainsoften containdynamicsthatrendera learnedpolicy obsoletevery quickly.
Thus,our approachs to sacri ce nding a globally optimal policy in exchangefor

nding alocally optimalpolicy afteramuchshortertrainingperiodfor our weights.
We useda gradientlearningprocedureo achieve thisresult.

Next, it mustbenotedthatuniformadaptatiorrequiresall robotsto changecom-
municationin syncbecausef themutualexclusiity of themethodaused For exam-
ple,it isimpossiblefor onerobotto usea centralizednethod with othersusingone
withoutcommunicationasthecentralizedapproachs basedninformationfrom all
teammembersAs a result,onceary onerobotin the groupautonomouslydecided
it neededo switchcommunicatiorschemesa communicatiorchangemustalsooc-
curwithin all otherteammembersThis couldforce certainmemberdo usea more
expensve communicatiormethodthanit locally found necessarywe relaxedthese
requirementsn the secondadaptve method presentedn the next section.

Finally, caremustbetakento preventtherobotsfrom quickly oscillatingbetween
methodsasedn theirlocalizedconditions.In ourimplementationcommunication
adaptatiorwastriggeredonceonerobot's valuefor V exceededh certainthreshold.
After this point, that robot broadcastedvhich methodit was switchingto andall
groupmembersvould changen kind andreinitialize their costestimates/ to this
new value.Furthermorewe alsouseddomainspeci ¢ information,suchaspriori-
tizing collisionscloserto thehomebasewithin ourforagingdomain.In thisfashion,
we partially limited the typesof triggersto thoseof importanceo the entiregroup.
Onceagain, our seconaype of communicatioradaptatiorrelaxesthis requirement
andis effective without ary suchheuristics.

3.2 Adaptive Neighborhoodsof Communication

Theadvantagen our rst adaptve approacHhiesin its simplicity. Ouruniform adap-
tive approachswitchesbetweenexisting coordinationmethodsbasedon estimated
coordinationcost. Assumingone analyzesa new domainwith completelydifferent
communicatiommethodsandcanorderthe communicatiormethodsbasedon their
communicatiorcosts,this approachwill be equallyvalid asit implementsexisting
methodsandreachegshe highestlevels of productvity from amongthosemethods—
whateverthey maybe.
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In contrast,our secondadaptatiormethodis a parameterizedeneralizatiorof
thethreespeci c catagoriesof communicatiormethodgNo-Communicationl.ocal-
ized,andCentralized) As mary roboticdomainsuseelementof thesesamemeth-
ods|[3, 4,6-8,12], we reasonthat a similar approachs likely to work in theseand
otherdomainsaswell.

The basisof this approachs introducinga parameteto controlhow large ara-
dius of communicatioris usedby eachrobot. This methodusesa distanced inside
which robots exchangeinformation, which we term its communicationneighbor
hood.Formally, this radiusof communicatiorcould be considereda neighborhood

of sized, createdfrom robotv andincludesall teammatesy, insidethis radius.
As such,werepresenthe neighborhoods ¢(v) = fuj urobot,dist(u;v) dg.

Adjustingthevalueof din 4 canbeusedto approximatehe previously studied
communicatiorcateyories. Assumingd is setto zero,nocommunicatiorwill everbe
exchangedndthis methodis trivially equivalentto the No-Communicatioomethod.
Assumingd is setto somesmallamount,”, this methodwill becomesimilar to the
Localizedmethodandinformationwill be exchangednly with therobotit is about
to collide with. If d is setto the radiusof the domain,the neighborhoof commu-
nicationencompasseall teammateshis methodbecomesimilar to the Centralized
method.Thus,thedegreeof centralizatiorexclusively dependon thevalueof d.

4 Implementation Details

We usedthe Teambotq1] simulatorto implementcommunicatiorschemesnvolv-
ing no communicationjocalizedand centralizedapproachesvithin groupsof No-
madN150foragingrobots.The foragingdomainis de ned aslocatingtargetitems
from a searchregion S, anddeliveringthemto a goalregion G [5]. Foragingrobots
oftencollide asthey approactthe homebase(sithin theirareaof operationin our
domaintherewas only one goal region, G, which waslocatedin the centerof the
operatingarea.ln our implementationtherewerea total of 60 target pucksspread
throughoutan operatingareaof approximatelylO by 10 metersWe measuredow
mary pucksweredeliveredto the goal region within 9 minutesby groupsof 2—-30
robotsusingeachcommunicatiortype.We averagedheresultsof 100trials for each
groupsizewith therobotsbeingplacedat randominitial positionsfor eachrun. The
numberof trials performedandtherelatively large groupsizeswould have beendif-
cult to implementon physicalrobots.

We createdexperimentsetsmeasuringhe time andenegy spentin two coordi-
nationcateyories—communicatioandcollisionresolution.Thecoordinationcostsin
our rst setof experimentsnvolved thetime spentin communicatiorandcollision
resolutionbehaiors out of eachtrial's total time of 9 minutes.In our secondsetof
experimentswe allocatedeachrobot500units of fuel. We assumedanostof thefuel
was usedby the robotsto move, with a smalleramount(1 unit per 100 seconds)
usedto maintainbasicsensorsandprocessingFor the time basedexperimentswe
assumedobotspairsstoppedor 1/5 of asecondo communicaterepresentingome
methodq7] whererobotsstopto exchangeinformation.In the enegy basedocal-
ized experiments we assumedobotsdid not stopto communicateasis the case
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with othermethodd9], but eachrobot still spent0.3 units of fuel percommunica-
tion exchange Our coordinationcostinvolved the amountof fuel thatwasusedin
communicatiorandrepulsionbehaiors.

All threecommunicationrschemesvere similar in that they resoled collisions
by mutually repelling oncethey senseda teammatewithin a certainsafedistance
", which we setto 1.5 robot radii. Oncewithin this distance robotsactedasthey
werein dangerof colliding andusedrepulsionsschemeso resohe their collision(s).
The No-Communicatiormethodwas uniquein that robotsnever usedtime or fuel
to communicateandthusonly hadcostsrelatingto the repulsionbehaiors robots
engagedin. However, this methodassumeddomainspeci ¢ information, namely
it usedthe robot's autonomouslcomputedscalardistance S, from its locationto
the homebasein the domain.Robotsuseda function of this distance which we
implementedo be5 timesS androundedto the closestsecondasthetime to repel
from its teammate(saftera projectedcollision.

Ourlocalizedmethodusedliessdomainspeci ¢ informationandis similarto the
localizedmethodspreviously proposed7, 9]. Communicatiorbetweenrobotswas
initiated onceit wasin dangerof colliding—ateammatecamewithin the" distance.
After this event, thesegroupmembersvould exchangenformationabove their tra-
jectories(heretheir relative distance$rom theirtypical target, theirhomebase) The
closerrobotthenmovedforward,while the otherrobotrepelledfor a x edperiodof
20 seconds.

Our nal method Centrlized usedacentralizedsenerwith adatabasef thelo-
cationof all therobotssimilarto othercentralizednethodq12]. Within this method,
oneof two eventstriggeredcommunicationFirst, aswith thelocalizedmethod,ro-
botsdroppingwithin the " distanceinitiated communicatiorby reportingits posi-
tion, doneherewith the centralizedsener. The sener thenreportedback a repel
valuebasednits relative positionto all otherteammates-lowever, in orderfor the
sener to storea good estimateof the positionsof all robots,a second pften more
frequenttype of communicatiorwasneededvhereeachrobotreportedits position
to the sener with frequeng L. If this communicatioroccurredtoo frequently this
centraldatabasevould have the bestestimateof positions,but the time or enegy
spenton communicatiorwould spike, and productvity would plummet.If commu-
nicationwasinfrequent,the lateny of the information storedon the sener would
createoutdateddata.Thisin turnwould reducethe effectivenesf this method,and
resultin morecollisions.Wefoundthatalateng time of 1 secondsieldedthehighest
productvity in thetime basedexperimentsandalateng valueof 5 secondyielding
the highestproductvity within theenegy basedxperiments.

It isimportantto stresghatthefocusof ourwork is switchingbetweercateyories
of communicatioomethodsandnotto nd optimalparametersvithin ary onegiven
communicatiormethod.We referthereaderto previouswork [4,10] on how to the-
oretically or empirically derive parametersvithin onecommunicatiormethod.Our
work is basedon the understandinghat a high negative correlationexists between
eachgroups'productvity andour coordinationcost,regardlessof the exactimple-
mentatiorfor theparameterssedn theNo-Communicationl.ocalizedandCentral-
ized methods For example,we studied7 lateng variationswithin the Centralized
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methodin both experimentsets.Our groupsenforcedmaximal lateng periodsof
L setto 0.1,0.3,1, 5, 10, 30 and 60 secondsWhile the optimal lateny valuewas
differentacrossexperimentsets,in both caseshe productvity of thesevariations
was highly negatively correlatedwith their relative coordinationcosts.In the rst
casewe founda correlationof -0.95betweerthesdateng variationsandthecorre-
spondingcoordinationcostbasedontime. In thetrials basedon fuel, this valuewas
-0.97.Similarly, factorssuchasthe exactenegy spenton communicatiorexchanges
(0.3 units of fuel per exchange)or the time spenton communication(1/5 seconds
per exchange)could vary acrossdomains,or the distancebetweencommunication
partnersHowever, we consistenthfoundthattheresourcespentonthesecommuni-
cationexchangesvasstronglynegatively correlatedwvith thosegroups'productvity.

While we considetheneighborhoodommunicatiorapproacho beaparameter
ized generalizatiorof the threepreviously describedcatgories,someimplementa-
tion detailsdiffer in this methodover the staticonesit emulatesWithin this method,
onceary robotA, detectsanotherrobotwithin the" distanceijt initiatescommuni-
cationwith all robotsfound within the 4(A) area.All robotsin 4(A) mustthen
reportbackto RobotA with their projectedtrajectoriesRobotA thensortsall ro-
bots' trajectoriedy their relative distancegrom the homebasein the domain.This
robotthenreportsbackto every robotwithin 4(A) arepelvaluebasedon thatro-
bot's relative positionin the neighborhoodAll robots,includingtheinitiating robot
(robotA), thenacceptthis valueandimmediatelyengagein repelbehaiors for the
dictatedlengthof time. It is possiblethatarobotmaybeamemberof morethanone
neighborhoodln suchcasesyobotsacceptthe larger repelvalue regardlessof the
sender

While the repelamountsof the robot initiating communication(RobotA) are
calculatedn a similar fashionto the previously describedcentralizedmethod,here
thesevaluesarecalculatecdby memberof theteam,insteadf onecentralizedsener.
Theradiusof communicatiorin the centralizedapproacthis the full width of thedo-
main,while the 4 radiusis typically muchsmaller However, thebiggestdifference
in implementingthis approachis how repelvaluesareobtained Robotsin previous
methodsonly repelledbasedon communicatiorreceved after droppingwithin the
" distanceln this method robotsmayrepelif they enterthe 4 radiusevenif they
arenotin immediatedangerof colliding. Thereasorfor thisis asfollows. As robots
within the ¢ radiusaretypically closeto eachother we foundthattheserobotsof-
tenwould sooninitiate their own radii of communicationln othermethodghis was
not a concernasotherteammatesverenot effectedby this phenomenontowever,
herethis would createmultiple neighborhoodévolving the sameteammatesThus,
proactvely assigningrepelvalueswas crucial for containingcommunicatiorcosts
as q grew.

5 Experimental Results

The rst setof experimentsattemptsto rst lend supportto the underlyinghypoth-
esis,that the combinedcoordinationcostmeasureds in fact correlatedto the pro-
ductiity of the differentgroups.Our resultsfrom experimentsinvolving time and
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enepy costssupportthe claim thatthe bestmethodof communicatiordoeschange
with domainconditions(see gure 1). In thetime experimentswe found an aver-
agecorrelationof -0.96 betweenthe averageproductvity foundin groupsof 2—30
robotsandthe group's correspondingaveragecost.In the equivalentenegy based
experimentswe foundavalueof -0.95.
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Fig. 1. Comparingheproductvity levelsof threecommunicatiortypeswith the coordination
costsbasedon the time spenton communicationrelative to different group sizes.Results
averagedrom 100trials perdatapoint.

Similarly, we found that no one neighborhoodize alwaysfaredbest.We com-
paredthe productvity levels of foraginggroupswhered wassetto 1, 2, 3, 5 and50
robotlengths Recallthat" is approximatelyl robotlength(1.5radii). Thus ; repre-
sentsthe nearlylocalizedvariationwith 5o correspondingdo the nearlycentralized
versionof this method.

Figure2 representsherelative productiity levelsfor thesestaticneighborhood
groupsrelative to the enegy costslevels measuredn thesegroups.Notice how in
small groups, ; yieldedthe highestaverageproductvity. As we have seenwhen
possible,resourcespenton coordination,here by creatinglarge communication
neighborhoodsshouldbe avoidedwhenpossible As smallareasof communication
sufced in small groups,this approachhadthe highestproductvity. As the group
size grew, additionalcommunicatiorwas necessaryo maintainhigh productvity
levels.As aresult,largerneighborhoodsverenecessarandgroupswith 5 resulted
in the highestproductiity. However, forcing too much communicatiorwhen not
necessargreatedcommunicatiorcoststhat reducedoroductvity to levelsfoundin
methodghatspendoo few resource®ncommunicationln thismethod theproduc-
tivity level of the 59 method which createdoo large a neighborhoodapproached
thoseof ;, whichdid notcreatealargeenoughone.We again foundastrongcorre-
lation betweerthevarious ¢ variationsandthe groups'correspondingoordination
costsandproductvity with anaveragenegative correlationof 0:96.

Basedon the con rmed hypothesis that the costmeasurds indeedcorrelated
(negatively) with performancethenext setof experimentsvaluatedheperformance
of the two adaptve methodscomparedo the static methodson which they were
basedFigure3 shavs the resultsfrom theseexperiments Notice thatboth adaptve
approachespproximatedr signi cantly exceededhe highestproductvity levels
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Fig. 2. Theimpactof varyingneighborhoodaizes(d) on productvity levelsandcostsn enegy
experimentsResultsaveragedrom 100trials perdatapoint.

of the static methods(No Communicationocal, and Centralizedmethods)they
were basedon, especiallyin mediumto large groups.We attribute the succesf
both methodsgto their ability to changecommunicatiormethodsto the needsof the
domain.We believe that the neighborhoodmethodoutperformedhe uniform one
asit was allowed to createlocally different neighborhoodsizes,somethingnone
of the static neighborhoodnethodswere capableof. This in turn facilitatedbetter
adaptatiorandhigherproductvity.

Fig. 3. Comparingadaptve communicatiormethodshasedn time andenepgy coststo static
methodsResultsaveragedrom 100trials perdatapoint.

To evaluatethe statisticalsigni cance of theseresults,we conductecdthe two
tailedt-testanda 1-factorANOVA testcomparingour adaptve groupsandthethree
staticgroupsthey werebasedn. In all casesin bothtime andenegy cateyories,the
null hypothesig valueswerebelor 0.001.This con rms our hypothesighatwe can
improve productvity throughcreatingadaptve methodsbasedon communication
costs.

6 Conclusion

This work demonstratebow coordinationcostscanaccountfor the relative effec-
tivenessof robotic communicatiormethods Our measurdocuseson the time and
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enepgy spentcommunicatingandresolvingcollisions.We demonstrat¢he effective-
nessof our methodsin comparingbetweenvery differentcommunicatiormethods
falling within cateyoriesof no communication]ocalizedandcentralizedcommuni-
cationmethods By usingthis informationwe are ableto matchthe mosteffective
communicationschemeto a given robotic domain.We presenttwo generaladap-
tive communicationalgorithms,uniform and neighborhoodmethods.We shaw, in
thousandsf foragingexperimentsthatcoordinationcostis indeednegatively corre-
latedwith productvity, andthatthe useof our adaptve methoddeadsto signi cant
performanceboosts.While we nd the neighborhoodadaptve methodto be more
effective in theroboticforagingdomainwe studied bothapproachearelikely to be
applicableto mary otherdomaing3,7,8,12]. It is possiblethatthe uniform method
is easierto implementor will yield betteradaptve qualitiesin otherdomains.
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