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Abstract Although mary multi-robottaskallocation(MRTA) architectureganbe found
in the literature,relatively little hasbeensaid regardingthe fundametal theo-
retical characteristicef the taskallocationproblem. We presenta formal, but
practical, framavork for studying MRTA. In construting our framework, we
borrow from the OperationsResearclcommunityandshav that MRTA canbe
undestood as an instanceof the Optimal AssignmentProblem. We usethis
framework to analyzeseveral recentlyproposedapproacksto MRTA, describ-
ing their fundanentalcharacteristicén suchaway thatthey canbe objectively
studied,compared and evaluated In so doing, we demonstratehe utility of
suchframenorksin formalizingroboticsresearchywhich we argueis vital to the
developmentof thefield.

1. Introduction

Over the pastdecale, a significant shift of focus hasoccured in the field
of mobile robaics asreseachershave begun to investigateproblemsinvolv-
ing multiple, ratherthansinde, robots From early work on simple loosely-
coupkdtaskssuchasforagng (Arkin etal., 1993) to recert work on sophis-
ticated teamskills for roba socce (StoneandVelosq 1999, the complexity
of the multi-robot systens being studied hasincreaed. This compleity has
two primary soures: larger teamsizes andgreaer heteogenéty of robats and
tasks As signficant achievementshave beenmadealong thes axes, the bar
hasbeenraisd; it is no longe a sufiicient demorstratian of multi-robot co-
ordination to shaw, for example, only two robots obsening tamets (Parker,
1999, or alarge groupof robots only flocking (Mataric, 1995. Rathertoday
we rea®nably expectto seelarger and larger robot teamsengagedin con-
currert and diverse tasks over extended periads of time. As if to underscoe
this point, the validation taskfor the currert DARPA Softwarefor Distributed
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Robotsprogram (SDR-II) involvesdedoying 100robots to achiewe a comple
multi-facetedtaskin an unknown ervironmert, possibly over a twenty-four-
hourperiod.

As aresut of this focus on multi-robot systans, multi-robot coordnation
has recaved significant attention. In paticular multi-robot task allocaion
(MRTA) hasrecently risento prominence. Originally a side-fiow to other
probdems, MRTA hasnow becomea key reseach isste in its own right. As
reseachersdesiq, build, andusecoopeative multi-robotsysems they invari-
ably encounter the queston: “which roba shauld execut which task? This
guegion must be answerd, even for relatively simple multi-robot systems
andthe importance of task allocation grows with the compl«ity, in sizeand
capalility, of the systan unde study Yet the empirically validated method
remainprimarily ad hocin natue, andrelatively little hasbeensaidregardirg
the geneanl propertiesof cogperative multi-robot sygems. After a decaak of
reseach, while countesssucharchiectueshave beenpropcsed,we lack even
aprimitive prescription for how to desigh a MRTA sysem.

This dearthof formal work on multi-robot coorination is, in part, to be
expeded. A new field, suchasRobotics, generlly begins asan expelimental
scierce. It is not until after sufficient collective experiencethatonecanbegin
to analze the assembld evidence in orde to find geneal trends and make
formal statenentsde<ribing andprediding system behavior We sugget that
reseach in multi-robot coordnation hasreacted this point and that there is
now the potentialto move thefield from a primarily experimentalscieneto a
moreformad, analtical one

Of course we have alread seenoneincarnation of Roboticsasaformalun-
dert&ing in thetime of so-called Good Old-FashbnedArtificial Intelligence
(Russdl and Norvig, 1995) Proponats of this paradgm suggestedthat we
could programrobots by having thembuild abstact symbdic modelsof their
environmerts andsolve problemsby reasoing from first principles abou that
model. Thensystan desiqierscoud, for example,prove theaemsregardirg
theirrobots’ behavior. Unfortunately this way of thinking, which brought un-
paraleled sucesswith tasks like chessand chedkers, hasbeena spectacubr
failure in embodéed domains including Robotics,andwe arenot suggestinga
retum to it. Rathe, we proposeto follow in the footstepsof the natual sci-
ences accrie experimental evidence regarding somesystem or phenanenon
until one can proposea plausible desciptive model Sucha modelwill of
cours not be perfect, asit will not captue every saliert detal of systan.
However, beauseit is constructed from the experimentd eviderce, suchan
imperfect model, lik e the laws of Newtonian physics, will still be a powerful
tool for descibing multi-robot systans and provide a commonframework in
which to study them.
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Therearemary waysin which onecouldbuild this kind of modelor frame-
work. In this paper we presenm a particular frameavork for studying MRTA,
basedon the Optimal Assignmem Problam, that we have developed by bor-
rowing andadaping ideasandtoolsthatcomeoriginally from the field of Op-
eratins ResearchWe have descibed somepartsof this framework elsavhere
(Gerkey andMataric, 2002a); werevisit the salientaspe&tshere but omit some
techrical details for brevity andclarty. Therestof this pape is organzedas
follows. In Sectian 2 we decribe our forma framework. We applythe frame-
work to the evaluate propcsedtask allocation architectures in Section 3. We
addresslimitations of our appioachin Section4 andcondudein Section5.

2. Framework

Whenstudying the problem of multi-robot task allocation we take inspra-
tion from Operatios Researh, a field that concernsitsdf with humanorga-
nizations. In particular we claim that multi-robot task allocation can be re-
ducedto aninstanceof the Optimal AssigimentProblem(OAP) (Gale,1960),
awell-known problem from Operatons Reseath. A recuring specgal caseof
partiaular interestin several fields of study this prodem canbe formulatedin
mary ways. Givenour applcation domain,it is fitting to descibe the probem
in termsof jobsandworkers Therearen workers, eachlooking for onejob,
andm available jobs,eachrequring oneworker. Thejobscanbe of different
priorities,meaningthatit is moreimportant to fill somejobsthanothers Each
worker hasa nonregative skill rating estmating his/her perfarmancefor each
potertial job (if aworker is incapdle of undertaking a job, thenthe worker is
assigedarating of zerofor thatjob). Theproblemis to assgnworkersto jobs
in orderto maximizetheoverall expectedperfamancetakinginto accaintthe
prioritiesof thejobsandtheskill ratingsof theworkers This problemwasfirst
formally studed in the context of assgning naval persomel to jobs basedon
theresuls of aptitudetests(Thorndike, 1950)

Our multi-robot task allocation problem can be posal as an assigjiment
problemin the following way: givenn robats, m prioritized (i.e., weighted
single-robd tasks, and estimats of how well eachrobat canbe expectedto
perform eachtask,assgn robotsto tasksso asmaximize overall expeded per
formane. However, becasethe probem of taskallocation is a dynamicde-
cision prodem that variesin time with phenanenaincluding ervironment
changes,we cannd be contentwith this staic assigmentproblem. Thuswe
complet our reducton by iteratively solving the static assgnmentprobem
overtime.

Of cours, the costof running the assigimentalgorithm mustbe taken into
account. At oneextreme,a costlessalgonithm canbe execuedarbitraily fast,
ensumg anefficientassgnmentover time. At the other extreme,anexpensve
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algorithm thatcanonly be executel oncewill producea staticassgnmentthat
is only initially efficientandwill degracde overtime. Finally there is the ques-
tion of how mary tasks areconsderedfor (re)assigmentat eachiteraion. In
orderto creat and maintan an efficient allocation the assgnmentalgorithm
must consdder (and potentialy reassjn) every taskin the systan. Suchan
inclusive appraach canbe computaiondly expensive and, indeed, someim-
plemenied appoache to MRTA useheuiistics to detemine a sulsetof tasks
thatwill be constderedin aparticulariteraton.

Togetherthe costof the static algarithm, the frequency with whichit is ex-
ecutal, andthe mannerin which tasks are congderedfor (re)asignmen will
detemine the overall compuational and communi@tion overheal of the sys-
tem, aswell asthe solution quality. Thusit is thes charaterisics of MRTA
archiecturesin whichwe areinterested.Beforecontinuing with aformal stae-
mentof our problem,we undatake a neessaryasice regarding utility.

2.1 Utility

Utility is a unifying, if sometmesimplicit, coneptin Economics(Edge-
worth, 1967), GameTheory (Neumannand Morgenstern 1964), and Oper
ations Researh (Bertselas, 1990, aswell as multi-robot coordnation. The
ideais thateachindividual cansomelow internally estimatethe value (or the
cost)of executng anaction. It is variowsly calledfitness valuaion, andcost
Within multi-robot research, the formulaion of utility canvary from sophs-
ticated planrer-based methals (Botelho and Alami, 1999)to simple senso-
basedmetrics(Gerkey andMataii€, 2002b). We post thatutility estimaton of
thiskind is caried outsomavherein every autoromoustaskallocationsystem.

Regardles=f the methodusedfor calcuation, the robots’ utility estimaes
will beinexact for a numberof rea®ns, including sersor noise generé un-
certanty, andervironmertal charge. Theseunavoidale chamactersticsof the
multi-robot domah will neessaty limit the efficiency with which coordna-
tion canbe acheved. We treat this limit as exogerous, on the assumption
that lowerlevel robot control hasalread/ beenmadeas reliabe, robust,and
preciseaspossible andthusthat we areincapableof improving it. Whenwe
discuss“optimal” allocaion soluions, we mean“optimal” in the sensethat,
giventhe union of all informationavailable in the systen (with the conami-
tantnoise,uncertairty, andinaccuacgy), it is impossible to constructa solution
with higher overall utility; this notion of optimaity is anabgousto optimal
schediling (DertoumsandMok, 1983).

It isimportantto notethat utility is anextremely flexible measue of fithess
into which arbitrary compuation canbe placed Theonly constrairt on utility
estimaorsis thatthey musteachproducea single scahr value suchthat they
canbe comparel for the propcse of ordering cardidates for tasks For exam-
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ple, if the metric for a particulartaskis distanceto a locaion andthe robots
involved employ a probabilistic locdization mechaism, thenonerea®nabk
utility estimatian would beto calaulatethe certer of massof the currentprob-
ability distribution. Other mechaisms, such as plaming and leaming, can
likewise be incorporatal into utility estimation. No matterthe domain it is
vital thatall relevantaspetsof the stateof therobats andtheir environmentbe
includedin the utility calcultion. Signalsthat areleft out of this calaulation
but aretaken into corsiderdion whenevaluaing overall systan perfoomance
are what ecoromistsrefer to as externalities (Simon, 2001) andtheir effects
canbedetimental,if not catasrophic.

2.2 Formalism

We are now readyto stateour MRTA problem asan instanceof the OAP.
Formally, we aregiven:

m thesetof n robots,dendedI,..., I,

m the set of m prioritized tasks, dended J, ..., J, andtheir relaive
weightswy, ..., wy,
» U;;, the nomegative utility of robot I; for task J;, 1 < ¢ < n,
1<j3<m
We assune:

m Eachrobot; is capdle of executing at mostonetaskat any giventime.
= EachtaskJ; requresexactly onerobotto executeit.

Theseassumpbns, though somevhatrestictive, arenecessaryin orderto re-
duceMRTA to theclasscal OAP, whichis givenin termsof singe-worker jobs
andsinge-job workers. We addres the quesion of relaxing theseassumpbns
in Section4. It is worth noting thatin mostexisting MRTA work (including
thearchtecturesthatwe studyin Sectim 3), these sameassumgionsaremade,
thoudh oftenimplicitly.

Theproblemis to find anoptimal allocationof robotsto tasks. An allocdion
is a setof robot-tak pairs:

(ilajl) s (ikajk)a 1<=k<= min(man)

Givenour assumptions for anallocationto be feasble therobots 4 . .. i;, and
thetaslks ji . .. jp mustbe unique. The benefit(i.e., expeced performance of
anallocationis theweighted utility sum:



We cannow cag our problem asan integral linear program (Gale, 1960):
find n? nonregative integersc;; thatmaximize

> U, (1)

1,J

subject to

=1, Vj
7
da=1, Vi
]

Thesum(1) is just theoverdl sygemutility, while (2) enfarcesthe constaint
that we areworking with sinde-rohot tasksand singe-tak robots (note that
sinceq;; areintegersthey mustall beeither 0 or 1). Givenanoptimal solution
to this problem(i.e., asetof integers ;; thatmaximizeg(1) subgctto (2)), we
congruct an optimal task allocaion by assigiing robot s to task;j only when
;i = 1.

]By creatng alinear program, we restrict the spaceof taskallocdion prob-
lemsthat we canmodelin oneway: the function to be maximized (1) must
belinear. Importantly, there is no such restiction on the mannerin which the
comporentsof that function are derived. Thatis, individud utilities canbe
compuedin ary arbitrary way, but they mustbe combiredlinearly.

(2)

3. Analysis

Having developedaformal framewnork in which to studyto the MRTA prob-
lem, we arein a postion to apply that framework. Our first stepis to analyze
someof the key taskallocationarchiecturesfrom theliterature.In this sectiin
we examinesix apprachedo MRTA, focusingon threecharateridics:

= compuationrequiremens (Cormenetal., 1997)
= communcationrequirementgKushilevitzandNisan 1997)
m taskcorsiderdion

In partbecase of trendsin the researchcommunitytha stressthe impor-
tanceof expelimentalvalidation with physcal robds, suchtheoleticalaspets
of multi-robot coardination mechaismshave beenlargdy ignored. However,
they arevitally importantto the study, compaison, andobjective evaluation of
themechaiems. Thelarge-scak andlong-termbehavior of thesysemwill be
strorgly deteminedby the fundamentalcharaterigics of the undelying algo-
rithm(s). Thuswe endeawr to derive andexplicate thosecharateridics here
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Beforewe coninue, however, it will be necesaryto explain the methalology
thatwe usein our analysis.

3.1 Methodology

As we statal earlier, the key to effective taskallocationfor multi-robot sys-
temsis to iterate theassigqiment,in order to dealwith chargesin thetaslks, the
robots, andthe ervironmert. The architecturesunde study achieve this iter-
ationin different ways,alongtwo dimensims. First, while someappoache
allow assigmmmentandreasignmern of all tasksat eachiteration, somenever
reassjntasks (or atleag only reasignthembecuseof robot failure). Second,
someappoachesperiodicaly considerall taskssimultaneowsly, while others
consdersingle tasks sequentialy asthey areofferedfor (re)asignmen. Thus,
whenwe discuisscomplkexities, we statethemin termsof iteraions,thoudh the
detaik of an*iteration” mayvary acrossarchtectures.

We dete@mine compuationrequrementspor running time, in the usualway,
asthe numberof timesthat somedominantoperationis repeated. For our do-
mainthatoperationis usudly eithe a calcuation or compaisonof utility, and
running time is staed as a function of n andm, the numbes of robots and
tasks respectively. Sincemodernrobotshave significant processirg capaili-
tieson-boardandcaneadly workin parallel, we assumehatthecomputtiond
loadis evenly distributedover therobots, andstatethe running time asit is for
ead roba. For example if we needto find for eachroba the taskwith the
highest utility, thentherunning time is O(m), becaseeachroba perfomsm
comparsons,in paralel. Note thatwe do not measue or corsiderthe actuad
running time of the utility calcuation, in large partbeausethatinformationis
notgeneally repoted. Rathe we opeaateunde theassumgbn thatthe utility
calcdations arecompuationally similar enoudn to be meanirgfully compaed.

We detemine communi@tion requrementsas the totad numker of inter-
robot messgessentover the network. We do not corsidermessag sizes on
the assumgpbn thatthey aregeneally small(e.g.,single scala utility valueg
and apprximately the samefor different algorithms. We alsoassune that a
perfed sharedbroadcastcommuni@tion mediumis in useandthat message
arealwaysbroadtast,rather thanunicast. Soif, for example,eachroba must
tell every other robot its own highestutility valuethenthe overheadis O(n),
becawgeeachrobot makesa singe broadcast

3.2 Results & Discussion

We have chosento study six MRTA archtecturesthat have beenvalidated
on either physical or simulatd robats. Our chacesare someavhat suljective,
for thereare a greatmary more architectuesin the literature. However, we



Name Computation Communication Task
/ Iteration / Iteration Consideration
ALLIANCE O(mn) O(m) simultaneous,
(Parker, 1998) reassignmen
BLE O(mn) O(mn) simultaneous,
(WergerandMataric, 2000 reassignmen
M+ O(mn) O(mn) simultaneous,
(BotelhoandAlami, 1999 no reassignmen
MURDOCH O(1) / bidder O(n) sequatial,
(Gerley andMataric, 20020) | O(n) / auctioneer noreassignmen
First-priceauctions O(1) / bidder O(n) sequatial,
(DiasandStentz,2001) O(n)  auctioneer reassignmein
Dynamicrole assignment O(1) / bidder O(n) sequatial,
(Chaimawvicz etal.,2002) | O(n) / auctioneer reassignmein

Table 1. Summaryof selectedVIRTA architectues. Shownhere are the compuational and
communicatiorrequirementsfor six key architectues. Note that “iter ation” has a different
meaningdepenéhg on whethertasksare consideed simultaneouly or sequetially.

beliewe that we have gatheed a setof apprachesthatis fairly representdive
of thework to date

The detaik of our analyss are preentedelsewhergGerkey and Mataric,
2002a), and we do not repeatthem here Ratherwe refer the reade to Ta-
ble 1, in which our resuts aresummarzed. Perhapshe mostsignficant trend
in thoseresuts is how similar the architectureslook when examinedwithin
our framewnork. For example, the archiiectures listed in the top half of Ta-
ble 1, which assign available tasks simultaneousy, exhibit almostidertical
algoirithmic chamacterstics. Only the ALLIAN CE architecture(Parker, 1998)
shows ary difference;in this casethe decreaein commurication overheal is
achiexedby having ead robotintemally modelthefitnessof the othe robas,
thereby effectively distributing the utility calculations. More striking arethe
resutsin the bottom half of Tablel, which lists archtecturesthatassgn tasks
in aseqientid manner:with respet to compuational andcommuncationre-
guirementsthes architectuesareidentical.

Theseresuts are particularly interestingbeausethey suggest thatthere is
somecommonmethalology underlying mary existing apprachesto MRTA.
This trendis difficult or impossble to discern from simply readng the tech-
nical papes de<xribing the work, as eachreseachertells a different “story”
regarding his or her archiectue, validatesthe architecture in a different task
domain andexplainsit in differentterms. However, seenthroughthe lensof
our OAP framework, fundamentalsimilarities of the variousarchtectuesare
immediatdy obvious. Thesesimilaritiesareencouaging becasethey sugget
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that, regardiessof the detaik of the robas or tasksin use,we areall studying
acommon,deepprobdem in autoromouscoomination. As a cordlary, thereis
somereasm to believe thatthesead hoc archiectuiesmay in facthave prop-
ertiesthatallow themto be gereralized andappled widely.

Without suchanalsis, it is impossble to objecively compake propcsedso-
lutions to robatics problems. Of coursewe have not capturedall relevant as-
pectsof the sygemsthat we have studied. For example,in the ALLIANCE
architecturethe robots’ computtioral load is increasedto hardle modeling
of otherrobots, but we do not constder that extra load in our analsis. Such
detaik, which are currertly not widely discussedin the literature will likely
becomemoreimportant asthe field demandettercrossevaluaion of solu-
tions.

In addition to enabling evaluation, this kind of analysis canbe usedto ex-
plain why certain solutionswork in pradice. For example the seqentid allo-
cationarchitectures listed in the bottom half of Table 1 areall ecoromically-
inspired, built around taskauctions While the designersof sucharchitectures
geneally justify their appioachwith a loose anabgy to the efficiency of the
free market asit usedby humansit is possble to gain a cleaer undestand
ing of whatis hagpening. Whenseenthrough our OAP framework, it is not
surpiising thatauction-basedallocation methodswork in pradice, for it is well
known that synthetic econanic systems canbe usedto solve a variety of op-
timization probdems. In fact, an appropriately constuctedprice-basel market
(whichthe previously descibedarchtecturesapproimateto varying degreed
canoptimdly solve assgnmentproblans. At equilibrium, sucha market op-
timizescoss in the so-alleddud of the original OAP, resuting in anoptimal
allocdion (Gale,1960; Bertselas,1990.

4. Limitations & Extensions

The framework that we have descibed in this pager, while usefulfor un-
derstanding the problem of MRTA andanalzing propcsedsoluions,is by no
meansperfect or complete. Perhapghe mostconstaining asp&t of our OAP
frameawork is theassumpbn, detailedin Section2.2,thatwe areworking with
single-robd tasks Although this assunptionholds for muchof the current re-
searchin MRTA, it does not cover all suchwork, andwill cleaty notsuffice as
moresophisticatedtaskdomairs areexploredin thefuture.

In seekig to relax this assunption, we inevitably face a problem that is
known in the multi-agent communityascoalition formation. Givena collec
tion of agents(e.g.,robas), wewantthemto autcmomousy coalkescanto teams
in orderto improve overdl task perfomance. In its mostgeneal form, the
problem of coalition formation is intractable. To optimally solve this problem
for anarbitrary setof tasks, onemustseard the combindorial spaceof poss-
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ble coalitions. This seart is likely to beimpradical for evenmoderatly sized
static coalition formation problems,andthe situationis worsefor MRTA do-
mains,in whichthe coalition struduresmustbedynamicin orde to respadto
charging taskrequremens. Someheuristic soluionsto the coalition forma-
tion problemfor multi-agentsysemshave been proposed(e.g.,Sandhém and
Lesser1997; Shehoy andKraus,1998), but they have not beendemorstratel
in robotic domains

Our OAP framawork caneasily be extendedto account for coditions, while
remaining focusdontaskallocation,in thefollowing way. We assumehatwe
aregiven an externdly gererated non-overlappng coalition structure. Each
robat is a memberof exactly one coaition, and a coaltion containsone or
morerobots The multi-robot coaitions canbe thought of asspecal-pumpose
teamsthat possessparticular skills, suchas cooperative object manipuhtion
Furthemore we assumethat, when facedwith a potential multi-robot task
membersof a codition cancolledively calaulatea combined utility estimate
Thenwe can apply the sameformalism as before, but with “coalition” sub-
stituted for “robot” in the assigimentproblem. To respnd to charging task
requrements we canemploy an online coalition formation systemthat runs
in paralel with the taskallocation system, producing new codition strudures
(andthusnew assgnmentprobdems)overtime.

Sucha solution is not without its disadvantages; for examplke, somekind
of corvergenceor stabiity analysiswould berequiredto determire how these
two processesvould interact. More importantly, the two problems,coaltion
formation andtaskallocation, are not truly separéle when multi-robot tasks
areallowed. In principle, to prodwce an optimal allocationof suchtasks one
mustconsicer the entire spa® of possble coalitions. Evenif optimality is not
requred, the two praoblemsshoud be attacked simultaneousy. A promisirg
avente of resarchin this vein is the externsion of aucion-basedtaskalloca-
tion to providefor “leadas;” whoserole is to orgarize andnegotiate on behdf
of multi-robotteams(Dias and Stentz,2002). This leacer-basedappioachto
coalition formation dovetails nicdy with earlierwork on multi-agentcoordna-
tion sysemssuchasRETSINA (Sycaraetal., 1996 andthe OpenAgentAr-
chitecture(Martin etal., 1999), in which “fadlitator” or “matchmaler” agens
areusedto medige andoptimize resouce excharges.

5. Conclusion

With the god of bringing someobjective grounding to an emepging area
of reseach that has, to date, beenlargdy experimental we have presated
a formal framework for studying the probem of multi-robot task allocaion
(MRTA). We have givena domainrindependat statenentof the problem and
shawn it to be an instance of the well-known optimal assgnment problem
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(OAP). By intempreting them as algorithms for solving the undelying OAP,
we have andyzed the computdéion and communi@tion requremens of ses-
eralrobot task-dlocation archtecturesfrom the literature andshovn themto
beremarlably similar.

We plan to purste the opporturities provided by the subsantial body of
work regardirg the OAP thatis available in other fields, including Operatons
ResearchEconomics and GameTheory We are currently invesigating the
applicability to the robot domainof a wide variety of efficient, optimal as-
signmen algarithms, both distributed and centrdized. Selectel in part by
theircommuntationandcomputdion requrementgwhich aregererally well-
known), we areadaping, implemering, andexperimenting with someof thes
algorithmsin the domainof multi-robottaskallocdion.

The framework that we have descibed hereis by no meansthe only way
to view multi-robot coordnation, andwe do not claim thatit is the bestone.
Ratherthansugget thateveryore useandextend our framework, our goalhas
beento showthatsud frameworks areusetil andarein factvital to thefurther
developmentof thefield. Whethe studying multi-robottaskallocdion, simul-
taneaslocdization andmappirg, or someotherdomain aforma framework
is requredin orderto analyzethe problemsandobjedively evaluatesoluions,
in order to guide reseach anddiscussian.
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