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Abstract Althoughmany multi-robot taskallocation(MRTA) architecturescanbe found
in the literature,relatively little hasbeensaidregardingthe fundamental theo-
retical characteristicsof the taskallocationproblem. We presenta formal, but
practical, framework for studyingMRTA. In constructing our framework, we
borrow from theOperationsResearchcommunityandshow thatMRTA canbe
understoodas an instanceof the Optimal AssignmentProblem. We usethis
framework to analyzeseveral recentlyproposedapproachesto MRTA, describ-
ing their fundamentalcharacteristicsin sucha way that they canbeobjectively
studied,compared, and evaluated. In so doing, we demonstratethe utility of
suchframeworksin formalizingroboticsresearch,whichweargueis vital to the
developmentof thefield.

��� �P�,���� ¢¡¤£¦¥§��¨x ©�
Over the pastdecade, a significant shift of focus hasoccurred in the field

of mobile robotics asresearchershave begun to investigateproblemsinvolv-
ing multiple, ratherthansingle, robots. From early work on simple loosely-
coupled taskssuchasforaging (Arkin et al., 1993) to recent work on sophis-
ticated teamskills for robot soccer (StoneandVeloso, 1999), the complexity
of the multi-robot systems beingstudied hasincreased. This complexity has
two primarysources:larger teamsizesandgreaterheterogeneity of robotsand
tasks. As significant achievementshave beenmadealong these axes,the bar
hasbeenraised; it is no longer a sufficient demonstration of multi-robot co-
ordination to show, for example, only two robots observing targets (Parker,
1999), or a large groupof robotsonly flocking (Mataríc, 1995). Rathertoday
we reasonably expect to seelarger and larger robot teamsengagedin con-
current anddiverse tasks over extended periods of time. As if to underscore
this point, thevalidation taskfor thecurrent DARPA Softwarefor Distributed
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Robotsprogram(SDR-II) involvesdeploying 100robots to achievea complex
multi-facetedtask in an unknown environment, possibly over a twenty-four-
hourperiod.

As a result of this focuson multi-robot systems, multi-robot coordination
has received significant attention. In particular multi-robot task allocation
(MRTA) hasrecently risen to prominence. Originally a side-show to other
problems,MRTA hasnow becomea key research issue in its own right. As
researchersdesign,build, andusecooperativemulti-robotsystems,they invari-
ably encounter the question: “which robot should execute which task?” This
question must be answered, even for relatively simple multi-robot systems,
andthe importanceof taskallocationgrows with the complexity, in sizeand
capability , of the system under study. Yet the empirically validated methods
remainprimarily ad hoc in nature,andrelatively little hasbeensaidregarding
the general propertiesof cooperative multi-robot systems. After a decade of
research,while countlesssucharchitectureshavebeenproposed,we lack even
a primitiveprescription for how to design a MRTA system.

This dearthof formal work on multi-robot coordination is, in part, to be
expected. A new field, suchasRobotics, generally begins asanexperimental
science. It is not until aftersufficient collective experiencethatonecanbegin
to analyze the assembled evidence in order to find general trends andmake
formal statementsdescribing andpredicting system behavior. We suggest that
research in multi-robot coordination hasreached this point and that there is
now thepotential to move thefield from a primarily experimentalscience to a
moreformal, analytical one.

Of course, wehavealready seenoneincarnation of Roboticsasaformalun-
dertaking in the time of so-calledGoodOld-FashionedArtificial Intelligence
(Russell andNorvig, 1995). Proponents of this paradigm suggestedthat we
couldprogramrobotsby having thembuild abstractsymbolic modelsof their
environments andsolve problemsby reasoning from first principlesabout that
model. Thensystem designerscould, for example,prove theoremsregarding
their robots’ behavior. Unfortunately this way of thinking, which brought un-
paralleled successwith tasks like chessandcheckers,hasbeena spectacular
failure in embodieddomains, including Robotics,andwe arenot suggestinga
return to it. Rather, we proposeto follow in the footstepsof the natural sci-
ences: accrue experimentalevidence regarding somesystem or phenomenon
until one can proposea plausible descriptive model. Sucha model will of
course not be perfect, as it will not capture every salient detail of system.
However, becauseit is constructed from the experimental evidence, suchan
imperfect model,like the laws of Newtonianphysics, will still be a powerful
tool for describing multi-robot systemsandprovide a commonframework in
which to study them.
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Therearemany waysin which onecouldbuild this kind of modelor frame-

work. In this paper we present a particular framework for studying MRTA,
basedon the Optimal Assignment Problem, that we have developedby bor-
rowing andadapting ideasandtoolsthatcomeoriginally from thefield of Op-
erationsResearch. Wehave describedsomepartsof this framework elsewhere
(Gerkey andMataríc, 2002a);werevisit thesalientaspectshere, but omit some
technical details for brevity andclarity. Therestof this paper is organizedas
follows. In Section 2 wedescribeour formal framework. We applytheframe-
work to the evaluateproposedtaskallocation architectures in Section 3. We
addresslimitationsof our approachin Section4 andconcludein Section5.

Ï,� ÐÑ��Ò·ÓÕÔ)Ö× g�BØ
Whenstudying the problemof multi-robot taskallocation we take inspira-

tion from Operations Research, a field that concernsitself with humanorga-
nizations. In particular we claim that multi-robot task allocation can be re-
ducedto aninstanceof theOptimalAssignmentProblem(OAP) (Gale,1960),
a well-known problem from OperationsResearch. A recurring special caseof
particular interest in several fieldsof study, this problem canbeformulatedin
many ways.Givenour application domain,it is fitting to describe theproblem
in termsof jobs andworkers. Thereare Ù workers, eachlooking for onejob,
and Ú available jobs,eachrequiring oneworker. The jobscanbeof different
priorities,meaningthatit is moreimportant to fill somejobsthanothers. Each
worker hasa nonnegative skill ratingestimatinghis/her performancefor each
potential job (if a worker is incapable of undertaking a job, thentheworker is
assignedarating of zerofor thatjob). Theproblemis to assignworkersto jobs
in order to maximizetheoverallexpectedperformance,takinginto account the
prioritiesof thejobsandtheskill ratingsof theworkers. Thisproblemwasfirst
formally studied in the context of assigning naval personnel to jobs basedon
theresults of aptitudetests(Thorndike,1950).

Our multi-robot task allocation problem can be posed as an assignment
problem in the following way: given Ù robots, Ú prioritized (i.e., weighted)
single-robot tasks, andestimates of how well eachrobot canbe expected to
perform eachtask,assign robotsto taskssoasmaximize overall expectedper-
formance. However, becausethe problem of taskallocation is a dynamicde-
cision problem that variesin time with phenomenaincluding environmental
changes,we cannot be content with this static assignmentproblem. Thuswe
complete our reduction by iteratively solving the static assignmentproblem
over time.

Of course, thecostof running theassignmentalgorithm mustbetaken into
account. At oneextreme,a costlessalgorithm canbeexecutedarbitrarily fast,
ensuring anefficient assignmentover time. At theotherextreme,anexpensive
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algorithm thatcanonly beexecuted oncewill producea staticassignmentthat
is only initially efficient andwill degrade over time. Finally there is theques-
tion of how many tasks areconsideredfor (re)assignmentat eachiteration. In
orderto create andmaintain an efficient allocation, the assignmentalgorithm
must consider (and potentially reassign) every task in the system. Suchan
inclusive approachcanbe computationally expensive and, indeed, someim-
plemented approaches to MRTA useheuristics to determine a subsetof tasks
thatwill beconsideredin a particular iteration.

Together, thecostof thestatic algorithm, thefrequency with which it is ex-
ecuted, andthe mannerin which tasks areconsideredfor (re)assignment will
determine theoverall computational andcommunication overhead of thesys-
tem,aswell asthe solution quality. Thusit is these characteristics of MRTA
architecturesin whichweareinterested.Beforecontinuing with aformalstate-
mentof our problem,we undertake a necessaryaside regarding util ity.

Ï,��� ÜÝ�Þ¨�ß�¨_�2à
Utility is a unifying, if sometimesimplicit, concept in Economics(Edge-

worth, 1967), GameTheory (Neumannand Morgenstern, 1964), and Oper-
ations Research (Bertsekas,1990), aswell asmulti-robot coordination. The
ideais thateachindividualcansomehow internally estimatethevalue(or the
cost)of executing anaction. It is variously calledfitness, valuation, andcost.
Within multi-robot research,the formulation of utilit y canvary from sophis-
ticated planner-basedmethods (Botelho and Alami, 1999) to simple sensor-
basedmetrics(Gerkey andMatarić, 2002b). Weposit thatutil ity estimation of
thiskind is carriedoutsomewherein everyautonomoustaskallocationsystem.

Regardlessof the methodusedfor calculation, the robots’ util ity estimates
will be inexact for a numberof reasons, including sensor noise, general un-
certainty, andenvironmental change. Theseunavoidable characteristicsof the
multi-robot domain will necessarily limit theefficiency with which coordina-
tion can be achieved. We treat this limit as exogenous, on the assumption
that lower-level robot control hasalready beenmadeasreliable, robust,and
preciseaspossible andthusthat we areincapableof improving it. Whenwe
discuss“optimal” allocation solutions, we mean“optimal” in the sensethat,
given the union of all informationavailable in the system (with the concomi-
tantnoise,uncertainty, andinaccuracy), it is impossible to constructasolution
with higher overall utili ty; this notion of optimality is analogousto optimal
scheduling (DertouzosandMok, 1983).

It is importantto notethat utili ty is anextremelyflexible measureof fitness,
into which arbitrary computationcanbeplaced. Theonly constraint on utili ty
estimators is that they musteachproducea single scalar valuesuchthat they
canbe compared for the proposeof ordering candidates for tasks. For exam-
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ple, if the metric for a particular task is distanceto a location andthe robots
involved employ a probabilistic localization mechanism, thenonereasonable
utilit y estimation would beto calculatethecenter of massof thecurrentprob-
ability distribution. Other mechanisms,such as planning and learning, can
likewise be incorporated into utility estimation. No matterthe domain, it is
vital thatall relevantaspectsof thestateof therobotsandtheirenvironmentbe
includedin the utility calculation. Signalsthat areleft out of this calculation
but aretaken into consideration whenevaluating overall system performance
arewhat economistsrefer to asexternalit ies (Simon,2001) and their effects
canbedetrimental,if not catastrophic.

Ï,�_Ï ÐÑ g�BÓÕÒ·ß�¨�â�Ó
We arenow readyto stateour MRTA problem asan instanceof the OAP.

Formally, we aregiven:

thesetof Ù robots,denoted ã�ä;å;æ;æ;æEå=ãLç
the set of Ú prioritized tasks, denoted èLäqå;æ;æ;æhåLè>é and their relative
weights êÑä;å;æ;æ;æhå�ê}éë)ìÆí

, the nonnegative utili ty of robot ã ì for task è í , î ï ðñï Ù ,
îÝïóòôïõÚ

Weassume:

Eachrobot ã ì is capable of executing at mostonetaskat any giventime.

Eachtask è í requiresexactly onerobotto executeit.

Theseassumptions,thoughsomewhat restrictive, arenecessaryin orderto re-
duceMRTA to theclassical OAP, which is givenin termsof single-worker jobs
andsingle-job workers. Weaddressthequestion of relaxing theseassumptions
in Section4. It is worth noting that in mostexisting MRTA work (including
thearchitecturesthatwestudyin Section 3), thesesameassumptionsaremade,
though oftenimplicitl y.

Theproblem is to find anoptimalallocationof robotsto tasks. An allocation
is a setof robot-task pairs:

ö ð=ähåZòIäJ÷ æ;æ;æ ö ðZø¾åZòhøI÷Rå}î:ù¦úüûýùÑúÝþGÿ�� ö Ú å�Ù)÷
Givenour assumptions, for anallocationto be feasible therobots ð äTæ;æ;æ.ðZø and
thetasks òhäTæ;æ;æxòqø mustbeunique. Thebenefit(i.e., expectedperformance) of
anallocationis theweighted utilit y sum:

ë ú
ø�

é��)ä
ë ì��§í�� ê í��



	

We cannow cast our problem asan integral linear program (Gale,1960):
find Ù�
 nonnegative integers � ìyí thatmaximize

� ì�
 í � ìÆí ë ìÆí ê í (1)

subject to
�
ì � ìÆí ú�îIå��rò
� í � ìÆí ú�îIå�� ð

(2)

Thesum(1) is just theoverall systemutili ty, while (2) enforcestheconstraint
that we areworking with single-robot tasksandsingle-task robots (note that
since � ìÆí areintegersthey mustall beeither 0 or 1). Givenanoptimalsolution
to thisproblem(i.e.,asetof integers � ìyí thatmaximizes(1) subjectto (2)), we
construct an optimal taskallocation by assigning robot ð to task ò only when
� ìÆí ú�î .

By creating a linear program,we restrict thespaceof taskallocation prob-
lemsthat we canmodel in oneway: the function to be maximized (1) must
be linear. Importantly, there is no such restriction on themannerin which the
componentsof that function arederived. That is, individual utili ties canbe
computedin any arbitrary way, but they mustbecombinedlinearly.

�}� �ü�ÑÒ·ß_àÑâ�¨�â
Having developedaformal framework in which to studyto theMRTA prob-

lem, we arein a position to apply that framework. Our first stepis to analyze
someof thekey taskallocationarchitecturesfrom theliterature.In this section
we examinesix approachesto MRTA, focusingon threecharacteristics:

computationrequirements (Cormenet al., 1997)

communicationrequirements(KushilevitzandNisan, 1997)

taskconsideration

In part becauseof trends in the researchcommunitythat stressthe impor-
tanceof experimentalvalidation with physical robots,suchtheoreticalaspects
of multi-robot coordination mechanismshave beenlargely ignored. However,
they arevitally importantto thestudy, comparison, andobjectiveevaluationof
themechanisms.Thelarge-scaleandlong-termbehavior of thesystemwill be
strongly determinedby thefundamentalcharacteristicsof theunderlying algo-
rithm(s). Thuswe endeavor to derive andexplicate thosecharacteristics here.
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Beforewe continue,however, it will benecessaryto explain themethodology
thatwe usein our analysis.

�}��� � ÔT���  ¢¡¦ ©ßx ���à
As we stated earlier, thekey to effective taskallocationfor multi-robot sys-

temsis to iterate theassignment,in order to dealwith changesin thetasks, the
robots, andthe environment. The architecturesunder studyachieve this iter-
ation in different ways,alongtwo dimensions. First, while someapproaches
allow assignmentandreassignment of all tasksat eachiteration, somenever
reassigntasks(or at least only reassignthembecauseof robot failure). Second,
someapproachesperiodically considerall taskssimultaneously, while others
considersingle taskssequentially asthey areofferedfor (re)assignment. Thus,
whenwediscusscomplexities, westatethemin termsof iterations,though the
details of an“iteration” mayvary acrossarchitectures.

Wedeterminecomputationrequirements,or running time, in theusualway,
asthenumberof timesthatsomedominantoperation is repeated.For our do-
mainthatoperationis usually either a calculation or comparisonof util ity, and
running time is stated as a function of Ù and Ú , the numbers of robots and
tasks, respectively. Sincemodernrobotshave significant processing capabili-
tieson-boardandcaneasily work in parallel,weassumethatthecomputational
loadis evenly distributedover therobots,andstatetherunning timeasit is for
each robot. For example, if we needto find for eachrobot the taskwith the
highest utilit y, thentherunning time is � ö Ú ÷ , becauseeachrobot performs Ú
comparisons,in parallel. Note that we do not measure or considerthe actual
running time of theutility calculation, in largepartbecausethatinformationis
not generally reported.Rather weoperateunder theassumption thattheutilit y
calculationsarecomputationally similarenough to bemeaningfully compared.

We determine communication requirementsas the total number of inter-
robot messagessentover the network. We do not considermessage sizes, on
theassumption that they aregenerally small (e.g.,single scalar utilit y values)
andapproximately the samefor different algorithms. We alsoassume that a
perfect sharedbroadcastcommunication mediumis in useandthat messages
arealwaysbroadcast,rather thanunicast. Soif, for example,eachrobot must
tell every other robot its own highestutilit y valuethenthe overhead is � ö Ù)÷ ,
becauseeachrobot makesa single broadcast.

�}�_Ï �	Ô)â�£Ìß_�râ�� � ¨�âP¥T£¦ârâ�¨x ,�
We have chosento study six MRTA architecturesthat have beenvalidated

on either physical or simulated robots. Our choicesaresomewhat subjective,
for therearea greatmany morearchitectures in the literature. However, we
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Name Computation Communication Task
/ Iteration / Iteration Consideration

ALLIANCE �! �"$#&% �! �"'% simultaneous,
(Parker, 1998) reassignment

BLE �! �"(#)% �! �"(#)% simultaneous,
(WergerandMataríc, 2000) reassignment

M+ �! �"$#&% �! �"$#&% simultaneous,
(BotelhoandAlami, 1999) no reassignment

MURDOCH �! +*,% / bidder �! �#)% sequential,
(Gerkey andMataríc, 2002b) �! �#&% / auctioneer no reassignment

First-priceauctions �! +*-% / bidder �! �#&% sequential,
(DiasandStentz,2001) �! �#)% / auctioneer reassignment

Dynamicrole assignment �! +*-% / bidder �! �#&% sequential,
(Chaimowicz et al., 2002) �! �#&% / auctioneer reassignment

. f0/_syX¦�21
Summaryof selectedMRTA architectures. Shownhere are the computational and

communicationrequirementsfor six key architectures. Note that “iter ation” has a different
meaningdepending on whethertasksare consideredsimultaneously or sequentially.

believe that we have gathered a setof approachesthat is fairly representative
of thework to date.

The details of our analysis arepresentedelsewhere(Gerkey andMataríc,
2002a), and we do not repeatthem here. Ratherwe refer the reader to Ta-
ble 1, in which our results aresummarized.Perhapsthemostsignificant trend
in thoseresults is how similar the architectures look whenexaminedwithin
our framework. For example, the architectures listed in the top half of Ta-
ble 1, which assign available tasks simultaneously, exhibit almost identical
algorithmic characteristics. Only the ALLIAN CE architecture(Parker, 1998)
shows any difference;in this casethedecreasein communication overhead is
achievedby having each robot internally modelthefitnessof theother robots,
thereby effectively distributing the utilit y calculations. More striking arethe
results in thebottom half of Table1, which lists architecturesthatassign tasks
in a sequential manner:with respect to computational andcommunicationre-
quirements,these architecturesareidentical.

Theseresults areparticularly interestingbecausethey suggest that there is
somecommonmethodology underlying many existing approachesto MRTA.
This trend is difficult or impossible to discern from simply reading the tech-
nical papers describing the work, aseachresearcher tells a different “story”
regarding his or her architecture, validatesthe architecture in a different task
domain, andexplains it in different terms.However, seenthrough the lensof
our OAP framework, fundamentalsimilarities of thevariousarchitecturesare
immediately obvious.Thesesimilaritiesareencouraging becausethey suggest
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that, regardlessof thedetails of the robots or tasksin use,we areall studying
a common,deepproblem in autonomouscoordination. As a corollary, thereis
somereason to believe that thesead hoc architecturesmay in facthave prop-
ertiesthatallow themto begeneralizedandapplied widely.

Without suchanalysis,it is impossible to objectively compare proposedso-
lutions to robotics problems. Of coursewe have not capturedall relevant as-
pectsof the systemsthat we have studied. For example,in the ALL IANCE
architecturethe robots’ computational load is increasedto handle modeling
of other robots, but we do not consider that extra load in our analysis. Such
details, which arecurrently not widely discussedin the literature, will likely
becomemoreimportant asthe field demandsbettercross-evaluation of solu-
tions.

In addition to enabling evaluation, this kind of analysis canbe usedto ex-
plain whycertain solutionswork in practice. For example, thesequential allo-
cationarchitectures listed in the bottomhalf of Table1 areall economically-
inspired,built around taskauctions. While thedesignersof sucharchitectures
generally justify their approachwith a loose analogy to the efficiency of the
free market as it usedby humans, it is possible to gain a clearer understand-
ing of what is happening. Whenseenthrough our OAP framework, it is not
surprising thatauction-basedallocation methodswork in practice, for it is well
known that synthetic economic systems canbe usedto solve a variety of op-
timization problems. In fact,anappropriately constructedprice-based market
(which thepreviously describedarchitecturesapproximateto varying degrees)
canoptimally solve assignmentproblems. At equilibrium, sucha market op-
timizescosts in theso-calleddual of theoriginal OAP, resulting in anoptimal
allocation (Gale,1960; Bertsekas,1990).

4 � 5G¨�Ó�¨_�rÒ\�Þ¨x ,�¦â6� 798 �PÔ\�Ñâ�¨x ©�Ñâ
The framework that we have described in this paper, while useful for un-

derstandingtheproblem of MRTA andanalyzing proposedsolutions,is by no
meansperfect or complete. Perhapsthemostconstraining aspect of our OAP
framework is theassumption, detailedin Section2.2,thatweareworkingwith
single-robot tasks. Although this assumptionholds for muchof thecurrent re-
searchin MRTA, it doesnotcoverall suchwork, andwill clearly notsufficeas
moresophisticatedtaskdomains areexploredin thefuture.

In seeking to relax this assumption, we inevitably face a problem that is
known in the multi-agent communityascoalition formation. Given a collec-
tion of agents(e.g.,robots),wewantthemto autonomously coalesceinto teams
in order to improve overall task performance. In its most general form, the
problemof coalition formation is intractable.To optimally solve this problem
for anarbitrary setof tasks,onemustsearch thecombinatorial spaceof possi-
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blecoalitions.Thissearch is likely to beimpractical for evenmoderately sized
static coalition formation problems,andthe situation is worsefor MRTA do-
mains,in which thecoalition structuresmustbedynamic in order to respondto
changing taskrequirements. Someheuristic solutions to the coalition forma-
tion problemfor multi-agentsystemshave been proposed(e.g.,Sandholm and
Lesser, 1997; Shehory andKraus,1998), but they have not beendemonstrated
in robotic domains.

OurOAP framework caneasily beextendedto account for coalitions,while
remainingfocusedontaskallocation,in thefollowing way. Weassumethatwe
aregiven an externally generated, non-overlapping coalition structure. Each
robot is a memberof exactly one coalition, and a coalition contains one or
morerobots. Themulti-robot coalitions canbe thought of asspecial-purpose
teamsthat possessparticular skills, suchascooperative object manipulation.
Furthermore we assumethat, when facedwith a potential multi-robot task,
membersof a coalition cancollectively calculatea combined util ity estimate.
Thenwe can apply the sameformalism asbefore, but with “coalition” sub-
stituted for “robot” in the assignmentproblem. To respond to changing task
requirements, we canemploy an online coalition formation systemthat runs
in parallel with the taskallocationsystem, producingnew coalition structures
(andthusnew assignmentproblems)over time.

Sucha solution is not without its disadvantages; for example, somekind
of convergenceor stability analysiswould berequiredto determine how these
two processeswould interact. More importantly, the two problems,coalition
formation andtaskallocation, arenot truly separable whenmulti-robot tasks
areallowed. In principle, to producean optimal allocationof suchtasks, one
mustconsider theentire space of possible coalitions. Evenif optimality is not
required, the two problemsshould be attacked simultaneously. A promising
avenue of research in this vein is the extension of auction-basedtaskalloca-
tion to providefor “leaders,” whoserole is to organize andnegotiateon behalf
of multi-robot teams(Dias andStentz,2002). This leader-basedapproachto
coalition formation dovetails nicely with earlierwork onmulti-agentcoordina-
tion systemssuchasRETSINA (Sycaraet al., 1996) andtheOpenAgentAr-
chitecture(Martin et al., 1999), in which “f acilitator” or “matchmaker” agents
areusedto mediate andoptimize resourceexchanges.

<,� =% ,�¦¥Tß�£¦âr¨x ©�
With the goal of bringing someobjective grounding to an emerging area

of research that has, to date,beenlargely experimental, we have presented
a formal framework for studying the problem of multi-robot task allocation
(MRTA). We have givena domain-independent statementof the problem and
shown it to be an instance of the well-known optimal assignmentproblem
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(OAP). By interpreting them as algorithms for solving the underlying OAP,
we have analyzed the computation andcommunication requirements of sev-
eral robot task-allocation architecturesfrom the literature, andshown themto
beremarkably similar.

We plan to pursue the opportunities provided by the substantial body of
work regarding theOAP that is available in other fields, including Operations
Research, Economics, andGameTheory. We arecurrently investigating the
applicability to the robot domainof a wide variety of efficient, optimal as-
signment algorithms, both distributed and centralized. Selected in part by
theircommunicationandcomputation requirements(whicharegenerallywell-
known),weareadapting, implementing,andexperimenting with someof these
algorithmsin thedomainof multi-robot taskallocation.

The framework that we have described hereis by no meansthe only way
to view multi-robot coordination, andwe do not claim that it is the bestone.
Ratherthansuggest thateveryone useandextend our framework, our goalhas
beento showthatsuch frameworksareuseful andarein factvital to thefurther
developmentof thefield. Whether studying multi-robot taskallocation, simul-
taneouslocalization andmapping, or someotherdomain, a formal framework
is requiredin orderto analyzetheproblemsandobjectively evaluatesolutions,
in order to guide research anddiscussion.

�Ý¥ Ø �Ñ \Ö ßxÔ)¡$�,ÓÕÔ6�©�râ
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