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Abstract

For robot teamsin large-scale real-world domains,an
effective approacHor allocatingrolesto teammembers
(role allocation)is critical. Unfortunately role alloca-
tion is extremelychallengingn suchreal-world domains
sincerobotsfacesignificantuncertaintiesn their own ca-
pabilitiesandthey may be facedwith dynamicandcon-
tinuouschangedn their capabilities. Previous work in
multi-robotic and multiagentsystemshasprovidedalgo-
rithmsfor role allocation,but thesealgorithmsoftenfail
to explicitly representand reasonwith uncertaintyin a
robot’s own capabilities,and often do not addressdy-
namiccontinuouschangesn suchcapabilities. This pa-
per presentswo key contributionsto addresgheselim-
itationsin large-scalesettings. First, it presentsa novel
role allocationandre-allocationalgorithmthat explicitly
reasonsvith uncertaintyanddynamicchangesn robot’s
own capabilities. Second,it presentghe applicationof
a proxy-basedarchitecture(previously applied only in
agent-humarsettings)in large-scaleobotic domains—
demonstratinghe applicationof areusablenfrastructure
for multirobotic domains. Moreover this paperpresents
anexperimentaktudybasedn simulationsperformedn
orderto evaluatethe algorithm. Thesesimulationspave
thewayto largereal-world practicalmulti-roboticsystem
involving 100sof robots.

1 Intr oduction

Large numbersof robotsare capableof achieving com-
plex goalsin distributedervironments providedthey act
togethereffectively. Teamsof robotscanachiese goals
thatindividual robotsor uncoordinatedjroupsof robots
cannotachiese. However, achiesing effective teamwork
in adynamic,uncertainervironmentwith robotsthatdo
notalwayshave accuratanodelsof their currentsituation
andcapabilitiess very challenging.Algorithmsfor coor

dinatingthe robotsmustdealwith theinherentdistribu-
tion of theteam,unpredictableobotbehaior uncertainty
anddynamicsin theervironment.

A key requiremenfor distributedteamcoordinational-
gorithmis an effective approachfor distributing the re-
sponsibilityfor rolesamongthe teammembergrole al-
location). In this paper we focuson real-world domains
thatprovide asignificantchallengefor distributedrole al-
locationdueto threekey properties First, thesedomains
are highly uncertain,andin particular robotsmay face
significantuncertaintiesn their own capabilities. This
uncertaintygoesbeyond a low-level action (e.g., move-
ment) uncertainty andfundamentallyrelatesto a signif-
icant uncertaintyin how well a robot canfulfill arole.
Second,thesedomainsare highly dynamic, where ex-
ternal or internal eventsmay causesignificantdynamic
changego arobot’s capabilities. Thesechangesare not
justbinary(from afully functioningrobotto acompletely
failed robot); rather theremay be a continuousdynamic
degradationin robot capability over time. Third, these
domaingnayinvolveaverylargenumber(100)of robots.

While therehave beensignificantinvestigationsof such
role allocationsin both the distributed robot and multi-
agentliterature,thesearelargely inadequaten address-
ing a combinationof the threechallengedisted above.
For instance,previous work in multiagentsystemshas
provided algorithmsfor optimal initial role allocations
basedon capabilityanalysis[14], combinatorialauction
[6], distributedconstrainbptimization[8] andBelief De-
sire andIntension[12]. Role reallocationhasalsobeen
consideredteamreorganizationbasedon intends.thatn
the SharedPlanapproach5] or critical role failuresin
STEAM [13]. Within the distributed robotic literature,
authorshave proposedmethodsusing auctions[16 4],
othersutilize behaior basedarchitectures[915]. While
thesealgorithmsperformwell for smallteams,asappli-
cationsarescaledo largerandmoredynamicanduncer



tain ervironments severallimitationsareapparentFirst,
clearly, given that robot’s own capabilitiesmay change
dynamicallyovertime, anoptimalinitial allocationis in-
sufficient andinefficient. Secondgiventhelarge uncer
tainty in robot capability it is critical to representand
reasonwith suchuncertaintyexplicitly. Unfortunately
suchexplicit reasonings often missingin the above ap-
proachesFinally, while mary role allocationapproaches
areexplicitly designedo handlerobotor agentfailures,
dynamicandcontinuousiegradatiorin capabilitiegaises
novel challengesn large scaleroboticteams.

We provide two key contributionsin this paperto address
the above shortcomings.First, we provide an architec-
ture, basedon proxies[1] for coordinationamongmul-
tiple robots. While suchproxy-basedarchitecturehave
beenpreviously demonstratedo allow effective coordi-
nation amongteamsof intelligent software agentsand
people[11 10, 7], this papertakesthe first steptowards
applying such architecturego robotic domains. Each
robot is provided with a proxy that is in chage of en-
ablingteamwork amongtheteammembers.The proxies
encapsulatéhe coordinationreasoningequiredto coor
dinatea heterogeneouteam. The proxieshave a vari-
ety of responsibilitiesncludinginitiating andterminating
team plans, monitoring the progressof teamplansand
communicatingelevantinformationamongteammem-
bers.

A secondand moreimportantcontribution of this paper
is anapproactfor role allocation thataddressethethree
role allocationchallengesliscusse@bove. Ourapproach
reliesonthealgorithmdescribedn [11] Thisalgorithmis
adistributedapproactfor role allocationthatguarantees
very low communicatioroverheadandallows rolesallo-
cationandmissionexecutionto occurin parallel. More-
over the algorithm focuseson quickly finding an allo-
cation of capablerobotsto roles, ratherthan spending
time finding optimal role allocations. Thereforethis al-
gorithmis particularlywell suitedfor large scaleteamin
real-world domains. However the previous algorithmis
notableto dealwith dynamicandcontinuouscapabilities
changinganduncertaintyin therobotperformance.

We extendedhe previousalgorithmin orderto dealwith
thoseissueshy exploiting two key ideas.First,theteam
considerseallocatingroleswhenererary robotnoticesa
significantchangen its estimateof its ability to complete
its assignedolesandwhenit noticesasignificantchange
in the uncertaintyin its estimatesof performance.The
uncertaintyis measuredxploiting domainlevel knowl-
edge,e. g. the probability distribution of the robot po-
sition. Triggeringa reallocationprocessat thesepoints
providesanopportunityfor theteamto avert failuresbe-
fore they occur Second,we provide two mechanisms
for changingroles. Thetwo mechanism$iave distinctly
differentpropertiesandthe robotschoosebetweerthem
basedon the currentenvironmentalsituation. The first

| | No Unc. model | Expl Unc. Model |

Bin. Cap.Reall. | [4,16]
Cont.Cap.Reall. | [9, 1,15

OURAPPR.

Table 1: Taxonomyfor the Dynamicrole assignment

mechanismiets the robot give up the role without ary
guaranteghattherole will be taken by someoneelsein
theteam. The secondmechanisnrequiresthatthe robot
doesnot relinquishthe role until anotherrobot hasac-
ceptedresponsibility The secondmechanisnis lesseffi-
cientat finding anotherrobotto take on therole but en-
suregthatatleastonerobotis alwaysworkingonit.

In order to provide a better view of the relationship
amongour work andthe previousapproachese present
in tablel apossibleéaxonomyof thedifferentapproaches
for role allocation.On the verticalaxeswe considehow
thechangesn therobotcapabilityaretakeninto account
for the reallocationprocesswhile in the horizontalaxes
we considerthe modelingof uncertaintyin therobotca-
pabilities. In theupperleft cornerwe putthoseworksthat
do notaddressheissueof reallocationor thatconsidera
possiblereallocatioronly whentherobothasfailedin the
role execution.this canbe seenasa Binary policy for re-
allocationthat consideronly a full or anemptyvalue of
therobotcapabilityfor the role assignmentin the lower
cornerwe putthosework thatconsidetthereallocatioras
therobotcapabilityfor therole graduallychangesiuring
therole execution. On the lower right cornerwe put our
approactbecausedt canbothdealwith role re-allocation
asa significantchangeoccurin the robot capabilityand
explicitly modeluncertaintyfor the robotperformance.

While our algorithmscould potentiallybeapplicablen a
varietyof domainspneconcreteapplicationfor ourwork
is the Softwae for distributed robotics (SDR) project.
The project aims at building a large-scaledistributed
roboticsystem(with 100robots)thatwill beactuallyde-
ployedin therealworld laterthis year(2003). Thesel00
robotsmustguarda building for 24 hoursanddetectin-
truders.While the projectis a collaboratie effort involv-
ing several researchgroups(someof the other organi-
zationsinvolved include SAIC, University of Tennessee
and Telecordia),our focusis on the useof proxiesand
in particularon role allocationandreallocationin criti-
cal situations. One suchcritical situationarisesdue to
the needfor a 24 hour operation: robots mustbe peri-
odically rechaged. In our work, intelligent “shepherd”
robotsmustcooperatéo bring simplesensorrobotsto a
chaging stationandbackto theirlocationin theerviron-
ment.

In orderto conductsomeexperimentson this scenario
we developeda simulation of the critical battery re-



charging scenariadiscussedbove. The simulatormod-
els in somedetail the uncertaintyin actionand percep-
tion facedby realrobots. The experimentgperformedin
the simulatedervironmentshaw thatwhile the presented
approachseemgo be promising, more effort shouldbe
conductedn orderto have a betterevaluationof our ap-
proach. The remainderf this paperis organizedasfol-
lows. In section2 we describeour applicationdomainin
greaterdetail, and give a more formal definition of our
approachin section3 we presenta sketchof thebasical-
gorithmanddescribein detail the novel extensionsdis-
cussingthe new issuesnvolved. In section4 we present
the resultsobtainedin our simulationervironment. In
sections we compareourapproacho existingtechniques
andfinally in section6 we draw theconclusiongrom our
work.

2 Problem Definition

In this sectionwe give a properdefinition of the prob-
lem we are addressingwe describein detail our ap-
plication domainand give the basic motivation for the
original role allocation extension. We considera set
of rolesto be executedR = {ry,...,7n}, and a set
of robotsA = {a4,...,a,}. Eachrolescan be con-
sideredas a complex action that the robot should per
form in orderto reacha goal. A robot A; could be
assignedio more than one role R;, we define the set
AS; = {R; s.t. R; is assignedo A;}. In our framewvork
we assumehatall the robotsare part of ateamandthat
eachof themis performingits assignedole(s)in orderto
achiere acommonsharedyoalfor the overallteam. The
problemis to assigneachrobotsto a setof rolesin the
mosteffective way, facingthe dynamicevolution of the
ervironmenttheuncertaintyof the robotsabouttheir ca-
pabilitiesandtherealtime constraintof theapplication.

Dynamismimpliesthatafterarobota; hasbeenassigned
to asetof rolesR, = r1,rs, .., rg, duringthe execution
of oneof theroles,therobot's ability to performr; may
depletesThusthereis achanceherobotmaynotbeable
to successfullyexecuteall therolesin R,. Moreoverthe
robothasadegreeof uncertaintyonits capabilitiesn per
forming a givenrole r;. This implies thatthe robot can
not collectenoughinformationin orderto decideif it is
capableof fulfilling a particularrole r;. Thelevel of un-
certaintythat the robot hasaboutits capabilitiesvaries
during therole execution,accordinglyto therobotinter-
nal stateandervironmentconfiguration.

Our domainof applicationis the SDR (softwarefor Dis-
tributed Robots)project. This projectinvolves several
university and researchinstitutesand aim at building a
very large robot systemthat shouldbe able to patrol a
building anddetectintrusion. The systems composeaf
hetergeneousobots;we have sereral differentkinds of
robots,with differentcapabilitiesthat shouldcoordinate
amongthemselesin orderto reachthe commongoal.

Oneof thecrucialaspecof the projectis thatthe system
shouldbe ableto performits missionautonomouslyfor

along period (24 hrs). Thusthe robotsmustbe ableto

re-chage themseles autonomously For this particular
aspecbf the problemwe considertwo differentkinds of

robot: Commssensomrobots(CSR)and Commshelper
robots (CHR). The CSR are very simple (e.g. do not
have localization capability) and are usedas sensordo

patrol the ervironment. They are not able to navigate
autonomoushyin the building thusin orderto reachthe
chaging stationthey needthatmoresophisticatedobots
(CHR) drive themall theway to the chaging stationand
back.TheCHR havethecapabilityof autonomouslyav-

igatethe building. While it takesonly a single CHR to

bringa CSRto there-chagestation,we have only alim-

ited numberof CHR, and thuswe needto have an ef-

ficient way to allocatethemto the sensorsjn orderto

avoid thatnoneof the CSRrunsout of power.

In this domainwe focuson the role assignmenbf CHR
to CSR.We have asetof CHR A = CH,,...,CH,, and
asetof rolesk = CSy,...,CS,,. Arole CS; for agiven
C H; isto pick up athej-th CSR,driveit to there-chage
stationandbring it backto its original locations.A CSR
CS; canbe picked up by only one CHR CH;, but the
CHR canhave morethanoneassignedCSRs.The com-
mon goal for the teamis to avoid that ary of the CSR
robotrunsout of power.

As the ervironmentis unpredictableandthe robotsdoes
not have perfectand completeinformation abouttheir
state,eachrobot of the teamshouldmonitor andrecon-
siderits role assignmentin orderto faceasbestasthey
canary kind of unexpectedsituations.In particularlet’s
saywe have a particularassignmenbf robotsto roles,
thatassignthe CHR CH; to the CSRsC'S;, C'Sk
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Figure 1: Motivatingexample

Thisrole allocationentailsthatthe CHR C H; believesit



canreachboththe CSRsandbring themto there-chage
stationbeforetheir batteriegun out of power. Duringthe
executionof the role however the ervironmentalconfig-
urationmay vary arbitrarily thusit may be the casethat
while trying to reachthe CSR C'S; the robot discovers
thatanunexpectedobstacleobstructshe shortespathto
CS;. Theonly option CH; hasis to take a longerway
to C'S;. However this detourfrom the original planned
pathwill increasdéhetime C'H; needso reachbothC'S;
andC'Sy, possiblyresultingin oneof therobotsto runout
of power. In sucha casethe original role allocational-
gorithmwould not take into accounta role re-allocation
becauséahe changingin the capabilitiesof the robotare
not monitoreduntil a failure occur However in this do-
main a failure is unrecaoerablebecause CSRthatruns
out of power cannot be restarted.So in this casewhat
we really needis the CHR to reconsideiits assignment
anddecideto reallocateto someoneelsein theteamthe
roleit cannotperformanymorebeforethefailure occurs.
Moreover the CHR could be uncertainon the resultsof
its performanceFor examplea robotwhile executingits
role couldhave a degradationof its localizationcapabili-
ties. Consequentlyhe robotwill notbe sureanymoreif
it canstill performsuccessfullythe assignedole(s). The
role performancelegradationcouldpossiblyleadto have
oneof the CSRrunningout of batterysowe mayneedto
reconsidetherole assignmentOntheotherhandin such
a casewe needtherobotto give up the presentole only
whenit is surethat someoneelsein the teamcould per
form therole better In orderto take this decisiontherole
allocationalgorithmshouldtake into accountsomemea-
sureof the uncertaintythe robot hasaboutits position,
andthushaving therobotsto exchangemoredetailedin-
formationabouttheir status.

In order to test our approachwe setup a simulator of
the SDR scenario.The simulatorgivesusthe possibility
to introducein the domainthe uncertaintyof the robots
abouttheir position,andtestthe performancef the dif-

ferentre-allocatiormechanismsWe modeledn thesim-
ulator the robot uncertaintyabouttheir position by im-

plementinga Bayesiarmethodfor therobotlocalization,
andconsideringa simplemodelfor therobotmotionand
obsenationuncertainty

3 Algorithm for the role allocation approach

In this sectionwe first describein detail the basicrole
allocationalgorithmdevelopedin previouswork[11] and
thentwo extensionspresentedn this paper We model
eachrobotasbeingin a spaceof possiblestates,S;. The
statesof interestin this casearethosedynamicfeatures
of therobotthatinfluenceits capabilityto performroles.
For example,a CHR roboti’slocal statespace S;, could
consisof all possiblecombination®of CHR positionsand
the CSRsit is currentlyresponsibldor. We definethe set
of roles, R, to be the setof all possibleinstancef role

(e.g.pickingupa CSR)thatcanariseduringthe mission
execution. Eachsuchrole, r € R, hasits own setof
possiblestates,S,.. For example,a role associatedvith
picking up a particularCSRwill have stateinformation
representinghe batterylevel of the CSR.

To matchrobotsto roles, we requirea representatiof
eachrobot’s ability to successfullyexecuteeachrole. As
a starting point, we assumethat the architecturehasa
guantitatve representationf eachrobot’s dynamiccapa-
bilities. More preciselywe representhe capabilitiesof a
roboti asafunction,¢; : S; x R — [0, 1], thatmapsthe
robot’s currentstateand a possiblerole into a quantita-
tive estimateof thatrobot’s ability to succeeatthegiven
role. For examplefor aCHR thecapabilityof re-chaging
a CSRcould be a function of the distancethatthe CHR
shouldcoverin orderto re-chagethe CSR,representing
thefactthatincreasinghis distancediminishesthe CHR
capabilityof fulfilling therole.

In evaluatingthe assignmenof arobotto arole, we need
to measuraotonly thecapabilityof thatrobotto perform
the role but alsothe particularrelevancefor that role to

theoverall missionexecution.For example the CSRbat-
tery levels evolvesin differentway asthe missionis be-
ing executedandwe needto considetthis differentiation
amongthe CSR.In orderto have a moreeffective role al-

locationalgorithmwe modelthedistinctionsamongroles
by associating priority with eachof them. The priority

of arole, r, mapsits state(e.g., batterylevel of a CSR)
into atotal orderingoverroles:p, : S, — [0,1]

Thebasicrole allocationalgorithm,assignsolesto robot
by passingheresponsibilityfor arole aroundtherobots,
until arobotacceptgherole or all robotsrejecttherole.
Eachrobotcanconsidemwhateverfactorsit likesto when
decidingwhetherto acceptarole, e.g.,it could seehow
capableit is at performingthe role or theimportanceof
therole. In theexperimentgresentedbelon, a CHR will

acceptarole to collecta CSRif it calculateghatit can
mostlikely collectthe CSRbeforethe CSRsbhatteryruns
out, giventhatit mayalsohave responsibilityfor collect-
ing other CSRs. If it choosedo acceptthe role, other
robotsare not offeredthe role andthe robot attemptsto
executetherole, usingthe resourcest its disposal.If a
robotacceptsarole, it will continueto work ontherole
until oneof threethingshappens(a) it succeedi com-
pletingthe role; (b) it fails to performtherole; or (c) it
acceptsa higherpriority role thatrequiresit passtherole
onto otherrobots. If all robotsrejectthe role, the team
putstherole asidefor sometime beforepassingt around
again.

While this basicalgorithmhasbeenshowvn to work effec-
tively for highly heterogeneouteamsin very dynamic
ervironmentg[11], it hastwo clearlimitations whenap-
plied to teamsof robots. Firstly, once a robot hasac-
ceptedarole, if it comesto believe thatit is unlikely to
fulfill the role or it becomesunclearwhetherit will be



ableto fulfill therole,it hasnomechanisnfor attempting
to find anothemobotto performtherole. Mobile robots
embeddedn a dynamicervironmentmay cometo know

that they are unlikely to be able to fulfill their current
rolesor, dueto problemslocalizing be unsurewhether
they have the capabilityto performtheir roles, yet they

have no mechanisnto find anotherobotto performthe
role. Secondly the mechanisnof passingon rolesim-

pliesthatarobotwill nothave anotheropportunityto ac-
ceptthe role until all robotshave rejectedit and some
periodof time haspassedMobile robots,at timesfacing
significantuncertaintywith respectto their capabilities,
have a difficult choicewhendecidingwhatto do when
they realizetheir ability to performarole is uncertain.If

they decideto give up arole,it maybethe casethatthere
is no otherrobot capableof performingthe role andthe
role is left unfilled. However, if it continuesto take re-
sponsibility for the role anotherrobot, very likely to be
ableto fulfill therolewill notgettheopportunity

To overcometheselimitations for the specialcaseof a
teamof robotswe have developedtwo extensionso the
basicalgorithm. First, we have giventhe robotsthe op-
tion of transferringroleswhentheir estimateof their ca-
pability to perform a role changesegitherin their esti-
mate of how they will performthe role or their uncer
tainty aboutthatestimate.Secondwe have developeda
auxiliary mechanisnfor transferringroles. If arobotis
uncertain,it cannegotiatewith otherrobotsto find one
which would have higherexpectedutility for performing
therole. Suchamechanisms slowver andmorecommu-
nicationintensve thansimply passingon roles, but has
theadwantageof ensuringhattherolewill notbeleft un-
filled if the robot cannotfind anotherrobot with higher
capabilityor lower uncertainty

3.1 Handling Changesin Capability Estimation

Whena robotacceptsarole it doesso basedon an esti-
mateof whetherit canperformthatrole. Giventhe dy-
namicanduncertairervironmentin whichtherolesmust
be performed,theseestimatescan turn out to be quite
poor. For example,in the SDR domainit could be that
a CHR estimateghatit could collectthree CSRsbefore
their batteriedfail, but fasterthanexpectedbatteryusage
by the CSRsandmore obstaclesn the pathof the CHR
mayquickly shav theinitial estimateo bewrong. Rather
thanwaiting until arobotcompletelyfails, we canusethe
revisedcapabilityexpectationgo triggerareallocatiorof
responsibilities.Periodically a robotwill reconsideiits
estimateof whetherit cancompleteits assignedoles. If
it estimateghatit will notbe ableto do so, it attemptsa
reallocationof therole via therole allocationmechanism
of the basicalgorithm. Thatis, if therobotnolongerbe-
lievesit is likely to beableto fulfill all its assignedoles,
it choosegheoneit is leastlikely to beableto fulfill and
passe# to anotherobotthatmaybeableto fulfill it. The
teamthenpasseshe role arounduntil eithersomeonds

foundto fill it or all teammembershave beenasked.

3.2 Handling Changesin Uncertainty

Robotsmonitor their localizationand whentheir uncer
tainty associatedvith their localizationexceedsa fixed
threshold,the following algorithmis executedto allow
the robotto attemptto find a teammateto which to of-
floadtherole:
Computep;)
forall R, € AS; do
if (EU(Self Ry,p;)<Threshold) and
(Avail(Teammates¥ () then
A;<+PickOne(Avail(TeamMates))
Send(RequestkeRoleMsgp;,R;)) to A;
while not RecevedMsg(Msg)Xo
Wait
end while
if Msgis AgreeMsg(BkeRole®y) then
GiveUpRoleRy)
else
UpdateAvailableTeamMate()
end if
endif
endfor

WhenarobotA; recevesaRequest@ikeRoleMsgp;, k)
it decidedf its expectedutility for thatparticularrole is
higherthenthe senderobot, andif so acceptshe role.
Otherwiseit will rejecttherequest.

ThefunctionEU : A x R — R definesheexpectedutil-

ity for anassignmen& A, R > with respecto theover-

all teamgoal. p; aretheparticularparametersisedin the
expectedutility calculation(e.g. the probability distribu-

tion of therobotposition). Whentherobotproxy believes
thatthe currentutility valueof therole assignmenis un-

deradesiredhresholdjt decideto askto oneof its mates
to take overtherole. The PickOne(Avail(Teammates)s

a functionthat returnsoneof the availableteammateto

whichaskfor therole switching.Depedingonthelevel of

knowledgethatthe proxieshave aboutits teammateshis

function could be designedso asto returnthe bestteam
mateto askfor a switch. As an exampleif the proxies
know at eachtime the positionof its teammatesit could

chooseto askto the nearesbnefirst. The UpdateAvail-

ableTeamMate()remove from the list of availableteam
matesthe lastteammatethat have refusedthe TakeRol-
eRequesinessage.

In our casetherobotsare CHR andtherole to executeis
to pick up a specifiedCSRandbring it to rechage sta-
tion. We assumedhateachCHR C H; knows the battery
level and the position of all the CSR assignedo C'H;.
However eachHelperRobotdoesnot knows the assign-
mentsof otherteammatesandtheinformationaboutthe
otherCSR.



The expectedutility for an assignments measuredhc-
cordingto the evaluationof parametersomputedby the
proxies. In our scenariothoseparametersgake into ac-
countthe level of uncertaintyinto the robotlocalization.
The basicideais to measurehe weighteddistanceof a
robot from a given CSR using the measureof the like-
lihood the robot hasaboutits position. More in detalil
in our casethe robotshave a sampleddistribution func-
tion thatmeasurehelikelihoodfor the robotof beingin
a certainsamplepoint. We measurehe weighteddis-
tanceof therobot H; from a CSRC'S; in thefollowing
way: Wd(H;,CS;) = [, .qpdf(s)d(s,CS;)ds where
pdf (s) is theprobabilitydistribution functionof therobot
H, and BI(CS;) is the battery level of the CS robot
CS;. Theexpectedutility of anassignmenis measured
as: EU((H;,CS;)) = Wd(Hi,ng)Bl(CSj), for the as-
signment(H;, C'S;) and a role exchangeis performed
betweentwo assignmentgH;, C'S;) and (Hy,CS;)if
(EU((H;,CS;)) < EU((Hy, CS)))).

4 Experimentsand results

We have conductedsereral experimentsn orderto eval-

uateour approachusinga simulationof the distributed
roboticsdomain. The simulatorrepresentshe building

asagrid andthe CHRsareableto move from grid loca-
tion to grid location, pick up CSRsandre-chage CSRs
by moving themto are-chagestation. While the details
of robotcontrolarenot simulated the uncertaintyCHRs
have abouttheir positionis modelledusinga localization
algorithmsvery similar to thoseusedon real CHRs. In

particular the localizationalgorithmusesa well known

markovian localizationmethod[3], basedon simulated
landmarksn the building. Batterylevel in the CSRsde-
creasewith uncertainty thusit is not possibleto predict
its dynamicduringthetaskexecution.

We usedtwo differentkinds of simulationsetup. In the
first onethe experimentsareconductedvithout usingthe
proxiesfor the role assignment.The role allocationap-
proachis implementedn a software moduleinside the
simulator In the secondsettingthe proxieshave been
connectedo thesimulatorandexecutethesameapproach
for therole assignment.

While in the first setof experimentswe are mainly fo-
cusedon investigatinghow differentparametersettings
for the ervironmentaffect the performanceof our ap-
proachthesecondxperimentakettingis usedto validate
the obtainedresultsusingthe proxiesframework.

In thefirst settingof experimentswe testedfour different
algorithms: the allocation algorithm describedin [11],

the extensionof this algorithmto handlethe changingin

capability estimationdescribedn section3.1 the mech-
anismfor the uncertaintyhandlingdescribedn 3.2, and
finally the combinationof this two extensions. We de-
cidedto vary theamountof CHRsthatcanhave a degra-

dationon their localizationcapability during the experi-
mentsandinvestigatehow this parameteaffectsthe dif-
ferentalgorithmsperformance.

For the first setof experimentswe usedan ervironment
with 24 CHRsand47 CSRsandeachexperimentis 6000
simulationstepslong. For eachdifferentparameteiset-
ting we performedfive repetitions. The resultobtained
arereportedin table2 andin table 3. Table2 shawvs the
resultswvhenfive CHR canexperiencgroblemin theirlo-

calizationcapabilitywhile table 3 reportsthe resultwith

ten. In eachtablethe first columnshaows the algorithm
used the secondcolumnshows the averagebatterylevel

of CSRsovertime. Thethird columnshows the average
of the minimum batterylevel of all the CSRsovertime.

In both the secondand third columns,the averagesex-

clude the batterylevels of robotsthat have failed. The
fourth column of the tables,shavs the numberof CSR
that completelyfailed, i.e., the numberof CSRswhose
batterylevel falls to 0. Finally thelastcolumnshows the
standardieviation computedver thefive repetitions.

| Algorithm | AvgB. L. | MinB.L. | Fail | StdDev |
Basic 0.644672 | 0.195902 | 13.6 | 2.8
OvlHandl. | 0.65997 | 0.223343| 11.8 | 0.97
UncHandl. | 0.693892 | 0.229101| 12.2| 0.75
OvlandUnc | 0.684224 | 0.241805| 9.8 | 1.47

Table 2: Resultgor five CHRwith localizationproblems

| Algorithm | AvgB. L. | MinB.L. | Fail | StdDev |
Basic 0.633321| 0.17654 | 20.6 | 2.58
Ovl Handl. 0.65293 | 0.215206 | 17.6 | 1.85
UncHandl. | 0.691214 | 0.221129| 15.8 | 2.64
OvlandUnc | 0.691896 | 0.219198| 16.2 | 2.79

Table 3: Resultsor ten CHRwith localizationproblems

| Algorithm | AvgB.L. [ MinB.L. | Fail | StdDev |
UncHnd.5 | 0.695983 | 0.238347 | 14.6 | 1.36
UncHnd. 10 | 0.699272 | 0.237091 | 17.6 | 2.87

Table 4: Resultdor thelimited exchange

Theresultsshaw thatthe overallperformancef theteam
is nggatively affected,whenmoreCHRshave theirlocal-
ization capabilitydegraded

Whencomparingesultsobtainedusingtheoverloadhan-
dling algorithmwith the basicalgorithmthe numberof
failed CSRsresultsto be lower while both the average
batterylevel andtheaverageof theminimumbatterylevel
areimproved. The improvementis similar both for the



| Algorithm | AvgB.L. [ Min B.L. | Fail | StdDev |
[[UncHandl. | 0.699902 [ 0.236674 ] 125] 1.65 |

Table 5: Resultfor thedistributedsetting

casewhenfive andten CHRscanhave adegradinglocal-
ization capability Moreoverthe overloadhandlingalgo-
rithm resultsin alower standardleviation from the aver-
agefailure value,showving a betteradaptionto problem-
atic situations.

Also thealgorithmfor uncertaintyhandlingseemso im-
prove the performancdor the overallteam.In particular
for theresultsreportedn table2 we have averylow stan-
darddeviation, similar to the overloadhandlingmecha-
nism. However whenthe numberof CHR thatcanhave
localizationproblemsis higherwe have actuallya higher
standarddeviation but still acceptableesults.Theresults
reportedin table2 and3 for the uncertaintyhandlingal-
gorithm, are obtainedassuminghat eachCHR canask
and have a respondat eachsimulationstepfrom all its
teammateswhentrying to exchangearole. Thisis avery
strongassumptiorandit is notlikely to be metin thereal
application.Thereforewe performedanexperimentdim-
iting the numberof teammatesthatcanbe queryduring
eachtime step.In table4 we reporttheresultsfor this set
of experimentghefirst row of thetablerefersto thecase
wherefive CHR canhave theirlocalizationcapabilityde-
graded while the secondrow reportsthe resultsfor ten.
In both the caseghe resultsareworstif comparedwith
the respectie row of table2 and3. Thoseexperiments
shawv that the discussedapproachcould be not enough
effective for our referencescenario,wherethe assump-
tion madein the previous experimentscould easily not
bemet.

In the secondexperimental setting we connectedthe
proxiesto thesimulator We decidedo testthealgorithm
for the uncertaintyhandling,whenfive CHRs canhave

adegradationin their localizationcapability All the pa-
rameterglescribedn the previoussetof experimentsare
usedalsoin this set,exceptfor the numberof repetition
thatin this caseis not five but two. Thoseexperiments
have beenconductedn orderto seehow the overall per

formanceof thealgorithmcouldbe affectedusingtheac-

tual proxy frameawork. In particularfor our scenarioa

very importantissueare the conflicts that can possibly
ariseamongthe proxies’informationon the actualworld

state dueto theasinchronicityof themessageassingap-

proach. The resultsreportedin table5 shav thatthe al-

gorithmperformanceseemaotto be heaily affectedby

thisissue haweverthesmallnumberof experimentscon-

ducteddoesnot allow to draw a statistically significant
conclusionandfurtherinvestigationsieedto bedone.

5 RelatedWork

Oneof thefirst andbestknown approacHor role alloca-
tion in aroboticteamis representetby the ALLIANCE
architecture[9]. Following the ALLIANCE approach
eachrobot in the teamduring the role execution, con-
sidersa possiblerole reallocationiteratively atfixedtime
steps. At eachtime stepall the possiblerolesaretaken
into accountfor reassignment. The role to executeis
chosenaccordinglyon the measureof two parameters
namelyacquiescencandimpatiencethateachrobotes-
timates,andthat are usedin orderto computethe util-
ity value of a given robotto executea givenrole. The
main drawbackof this approachs thatfor a large team
of robotsexecutinga comple role, the tuning of param-
etersthatrule thedynamicevolution of acquiescencand
impatienceis not trivial. Anothervery well known ap-
proachfor the problemof dynamicrole assignmenis the
Broadcasbf Local Eligibility (BLE) [15] andthe algo-
rithm usedin the coordinationof the ART teamin the
RoboCupdomain[1]. Both the approachesre based
on the broadcasamongthe robotsof a utility valuefor
eachrole ateachiterationsteps.Eachrobotcomputeshe
role to be performedby comparingits utility value for
eachpossiblerole with all of its teammates. For those
approacheshe main problemwhen scalingup with the
teamsizeis representedly the possibleoverwhelmingof
informationthat have to be sentat eachiteration. More-
over for complex and structuredroles the tuning of the
utility function which is crucial for the effectivenessof
the application,could be very complex. Our approach
with respectto thoseworks is explicitly designedfor a
largescaleapplicationthusis characterizety averylow
communicatiorancomputatiorrequirementBy passing
the role responsibilityaroundthe robots’ proxy for the
role assignmentve needto communicateonly to one of
theteammateonly therolethattherobotis giving up,and
eachproxy decidedo take therole responsibilityby only
consideringthe currentstateof its assignedobot. Thus
we avoid a considerablemountof communicatiorand
computationthat could easily overwhelmthe teamfor a
large scaleapplication.

A differentapproacho the problemof dynamicrole as-
signmentfor a teamof robotis representedby auction-
basedmethodq4, 16]. Thosemethodsarebasedon the
ContractNet Protocol[2]: eachtime arole is available
for theteamanauctionis setup andeachrobot“bids” in
orderto executetherole accordinglyto theirrole-specific
utility estimates.The highestbidderwins a contractfor
therole andproceedto the execution. Among thoseap-
proachthe MURDOCH systemdoesnot allows for role
re-allocationamongthe teammemberswhile the work
presentedn [16] allows for re-allocationonly whenthe
role is completed. Thuswith respectto this approaches
our work allows to reallocaterolesto robotsin a more
flexible fashion. In particularby consideringa role re-



allocationwhenarobotestimateof its capabilitychanges
significantly our algorithmallows the teamto avert fail-
uresbeforethey occur Moreover noneof the previous
approachesonsideran explicit modelof the uncertainty
in the robot performancejn the reallocationalgorithm.
Our work attemptto explicitly dealwith the uncertainty
in therobotperformancey proposinga novel algorithm
for role exchangethat meetsthe real time constraintim-
posedby theapplication.

6 Conclusionsand Futur e Works

Role allocationis a critical challengefor robot teams
in large-scalereal-world domains. This paperfocuses
on distributed algorithmsfor role allocation, where no
centralizedentity exists that can perform such alloca-
tions. While distributed algorithmsoffer significantad-
vantagesthe presencef significantuncertaintyanddy-
namic changesn robots’ own capabilitiesposesignif-
icant challengesin designingsuch algorithms. Previ-
ous works in multi-robotic and multiagentsystemshas
provided algorithmsfor role allocation, but thesealgo-
rithms often fail to explicitly representand reasonwith
uncertaintyin a robot’s own capabilities,and often do
notaddresslynamiccontinuouschangesn suchcapabil-
ities. This paperpresentswo key contributionsto ad-
dresstheselimitations in large-scalesettings. First, it
presentsa novel algorithm that explicitly reasonswith
uncertaintyand dynamicchangesn robot’s own capa-
bilities by exploiting domainlevel knowledge. Second,
it presentsthe application of a proxy-basedarchitec-
ture (previously applied only in agent-humarsettings)
in large-scalerobotic domainsdemonstratinghe appli-
cation of a reusableinfrastructurefor multirobotic do-
mains. This paperpresentgherole allocationalgorithm,
and an experimentalstudy basedon simulations. While
thesimulationexperimentshaov thatourapproactseems
to be promising,severalissuesshouldbe addressedhore
in detail. In particularthe approachusedto handlethe
uncertaintyof the robot abouttheir capabilities,should
beimprovedin orderto bemoreefficientunderabroader
rangeof constraintsMoreover moreexperimentdor the
evaluationof the approachwithin the proxy framework
areneeded.Oneapplicationof our work involvesa real
projectinvolving 100 robots,which mustguarda build-
ing for over 24 hours. Within this collaboratve "SDR”
project, role allocationand re-allocationis a significant
challenge andthe work reportedin this paperhastaken
a significantfirst stepin addressinghis challenge Other
applicationsof thework reportedn this paperareon the
horizon as well, and include recently popularwork on
"robot, agentperson”or RAP teams[1].
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