
HeterogeneousMultir obot Coordination with Spatial and Temporal Constraints�

Mary Koes,Illah Nourbakhsh, and Katia Sycara
f mberna,illah, katiag@cs.cmu.edu

RoboticsInstitute
CarnegieMellon University

Abstract

Existing approachesto multirobot coordinationsepa-
rateschedulingandtaskallocation,but �nding theop-
timal schedulewith joint tasksand spatialconstraints
requiresrobots to simultaneouslysolve the schedul-
ing, task allocation,andpath planningproblems. We
presenta formaldescriptionof themultirobotjoint task
allocationproblemwith heterogeneouscapabilitiesand
spatialconstraintsandan instantiationof the problem
for the searchand rescuedomain. We introduce a
novel declarative framework for modelingtheproblem
as a mixed integer linear programming(MILP) prob-
lem and presenta centralizedanytime algorithm with
error bounds. We demonstratethat our algorithmcan
outperformstandardMILP solving techniques,greedy
heuristics,andamarketbasedapproachwhichseparates
schedulingandtaskallocation.

Intr oduction
Challengingenvironmentssuchasdisasterresponse,recon-
naissance,andspaceconstructionrequirethe coordination
of teamsof robots.Robotteamsin thesedomainswill neces-
sarilybeheterogeneousascostlimitations,powerconsump-
tion andsizeconstraintsrequiretradeoffs betweenmobility
andcapabilities. Taskexecutionin thesedomainsmay re-
quiresubteamsof robotsto work togetheron a joint taskto
improve teamperformanceor if no single robot possesses
the necessarycapabilities.Coordinationof multiple robots
on a joint taskrequiresrobotsto considerschedulingcon-
currentlywith taskallocation.Thepresenceof spatialcon-
straintsrequiresrobotsto considertraveling costsandpath
planningduringscheduling.Therefore,coordinatinga team
of robotsto accomplisha setof joint tasksat differentloca-
tionsin theenvironmentrequiressimultaneouslysolvingthe
taskassignment,scheduling,andpathplanningproblems.

We areinterestedin theproblemwhererobotsstartwith
someinitial informationaboutthe environmentandgoals.
For example,in the searchandrescuedomain,robotsmay
have aninitial blueprintwith probablevictim locations.We
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assumethat goalshave time-varying rewards. Robotsmay
be heterogeneousboth in their ability to traversethe envi-
ronmentandin their sensorsandmanipulators.Tasksmay
requireseveralcapabilities.An examplefrom thesearchand
rescuedomainis thetaskof evaluatingthestateof a victim
which may requirea microphone,vision system,andspot-
light. If no singlerobot is able to provide all the required
capabilities,multiple robotsneedto cooperateandall work
on thegoalat thesametime.

Due to theuncertainnatureof theseenvironments,how-
ever, the initial information is likely to be wrong andwill
needto be re�ned online asthe robotsexecutetheir plans.
Robotsmustalsobe ableto explain their plansto humans,
who may monitor executionandwish to changethe plans.
During replanning,robotsmustreasonabouttheir commit-
mentsto teammates.A declarative framework is necessary
to satisfytheselasttwo requirements.

The problemcanbe viewed asa constraintoptimization
problemwith theobjectiveof maximizingrewardsfrom var-
ious goals. If we assumethat rewardsvary linearly with
time, theproblemcanbeformulatedasa mixedintegerlin-
ear programming(MILP) problemincorporatingschedul-
ing, task allocation, and path planning constraints. The
declarative natureof this representationallows intelligent
replanningand reasoningaboutthe effectsof a changein
plans. An MILP problemformulationalsoallows the �e x-
ibility to combinemultiple objective functionsand to put
orderingconstraintson thetasks.

Incorporatingspatialconstraintsconstitutesa signi�cant
challenge,however. A naive MILP problemformulationis
todiscretizeboththeenvironmentandtimeandcreateavari-
ablefor every nodein the environmentfor every timestep.
For all but the smallestenvironments,this representation
is computationallyinfeasible. Solving MILPs is NP-hard,
andlinear programsareinef�cient at solving systemswith
long sequentialplansas in pathplanning(Bererton2004).
Likewise, discretizingtime causesproblemcomplexity to
increaseinverselywith the time stepsizeanddirectly with
theamountof time robotsconsiderduringscheduling.Dis-
cretetime modelsmay alsobe suboptimalif the time step
sizeis not suf�ciently small. Insteadwe have developedan
MILP formulation that is independentof the environment
sizeandusesacontinuoustime model.

Inspiredbyhumanemergency respondercoordination,we



assumethattheenvironmentcanbebrokendown into inde-
pendentareasto besearchedby manageablysizedteamsof
robotsso thateachteamhason theorderof 10 robots. We
presentan anytime algorithmthat convergesto theoptimal
solution while providing error boundsby combiningstan-
dard ILP solution techniqueswith domainspeci�c heuris-
tics. Although a centralizedapproachwould not scaleto
systemswith hundredsof robots,our approachcanoutper-
form distributed approachessinceit leveragesthe relaxed
solutionto theMILP problem.It hasbeenableto �nd sched-
ulesfor up to 20 robotswithin seconds,a necessaryquality
for asystemto beimplementedon realrobots.

RelatedWork
Joneset al. (2004)proposea taxonomyof multirobot task
allocationproblemsdependingonwhethertherobotsareca-
pableof performingone(ST) or more(MT) tasksat a time,
whethergoalsrequireexactlyone(SR)or more(MR) robots
to be achieved, and whethertask allocationsare instanta-
neous(IA) or includetime-extendedscheduling(TA). While
this taxonomyignoresheterogeneity, it is useful for com-
paringour work, which falls into the ST-MR-TA category,
with existingsystems.Market-basedplannerssuchasMUR-
DOCH (Gerkey & Mataríc 2003)andTraderBots(Dias et
al. 2004) do not permit subteamsto work on a task and
so fall into theST-SR-IA andST-SR-TA categoriesrespec-
tively. Neitherof thesesystemsprovideerrorbounds.When
a singlerobot is allocatedto eachtask,interleaving taskal-
locationandschedulingis suf�cient andtheproblemsdonot
needto beconsideredsimultaneously. While recentwork by
(Schneideretal. 2005)extendstheTraderBotssystemto in-
cludetimevaryingrewardsandheterogeneousrobots,it still
lackstheability to solve theproblemwe proposerequiring
multiple robotsto coordinateona task.

The�eld of coalitionformationin themultiagentsystems
domainis relatedto the ST/MT-MR-IA classof problems.
ShehoryandKraus(1998)presentdistributedanytimealgo-
rithmswith errorboundsin themultiagentdomainbut donot
addressreasoningaboutspatialconstraintsor time varying
reward. However, sincemultiagentsystemsareconcerned
with rationalagents,they do not explicitly maximizeteam
utility but insteadusemarket mechanismsto promotesta-
bility and ef�ciency (Li et al. 2003). This is a different
paradigmthanthedeclarativeMILP framework in ourwork
whichhasnomodelof individual robotutility but explicitly
maximizesteamutility.

A �nal body of relatedwork includesdistributed con-
straintoptimization(DCOP)suchasADOPT (Modi et al.
2003).However, distributedalgorithmscannotleveragethe
relaxed solution as a centralizedsolution. Even for the
much simpler DiMES problempresentedin (Maheswaran
et al. 2004)which doesnot includespatialconstraints,the
ADOPT algorithmrequiredminutesor hourssosolveprob-
lemsthatacentralizedplannercouldsolve in a fractionof a
secondandsois ill-suited for roboticsapplications.

LA-DCOP (Scerriet al. 2005)is a taskallocationalgo-
rithm for large scaleteamsthat attemptsto maximizethe
team's expectedutility given probabilistic information by
computinga minimum capability thresholdfor eachtask.

LA-DCOP theninterleavesschedulingandtaskallocation.
It doesnot guaranteethe optimal solutionor provide error
bounds.LA-DCOP doesnot explicitly considerpathplan-
ning during task allocationbut insteadincorporatestravel
time considerationswith other �tness criteria into a single
axis for robotheterogeneity. Furthermore,theassumptions
underlyingtheprobabilisticrepresentationof teamcapabili-
tiesmaybreakdown in domainswith fewer robotsdecreas-
ing teamperformance.

HeterogeneousTaskSchedulingwith
SpatiotemporalConstraints

Given a map of the environmentwith tasksto be accom-
plishedanda setof robotswith heterogeneouscapabilities,
we needanapproachto obtaintheoptimalsolution.Figure
1 showsasampleenvironmentandanabstractionfor theen-
vironmentthat therobotscanusefor planning.Thedesired
output,a schedulein absolutetime thatcanbeexecutedby
therobots,is shown in �gure 2.

We presenta generalproblemformulation that captures
the important characteristicsof problemswith heteroge-
neousagentsand joint activities for domainsthat require
spatialaswell astemporalcoordination.Supposewehavea
setof N resourcesoperatingin anenvironmentwith K rel-
evantcapabilitiesanda setof M tasksto beaccomplished.
Eachtaskhasan associatedreward, location,andduration.
We thenbegin with a resourcesetR := f R1; R2; :::; RN g
anda setof tasksor goalsG := f G1; G2; :::; GM g. Theob-
ject is to createateamplanfor all theresourcesto maximize
theteamrewardover thetime available.

We assumethattheenvironmentis discretizedandrepre-
sentedasa weightedundirectedgraphof nodesandedges,
(N ; E). Each resourceRn has speci�c capabilities,Sn

whereSn is avectorwhoselengthis equalto thecardinality,
K , of thesetof capabilitiesrelevantto thisenvironment.

Eachtask hasan associatedlocation, duration, reward,
and necessaryset of capabilities. We can then character-
ize them-th goalasa tupleGm := (N m ; dm ; Qm (t); Cm )
whereCm , thecapabilitiesrequiredto achieve goalm, is a
vectorwhoselengthis equalto K andCm k = 1 if capability
k is requiredto achieve taskm and0 otherwise.Thedura-
tion requirementmeansthatall capabilitiesmustbesatis�ed
by the resourceset,R, at locationN m for the entirecon-
tinuousduration,dm , in order for the goal to be achieved.
Rewards,Qm , aretime varyingandthereexists sometime
limit, Tmax , afterwhich time all rewardsare0.

Search and Rescue
Thedangerousnatureof adisasterareamakesit anidealap-
plication for robotic exploration. Yet the unstructuredand
uncertainnatureof theenvironment,thenecessityfor speed
andheterogeneouscapabilities,andthecommunicationcon-
straintsall make it a challengingapplicationfor multirobot
coordination. Disasterresponseencompassesa large area
of problems.This work focuseson the problemof explor-
ing a semistructureddisastersitesuchastheRoboCupRes-
cuecompetition(Jacoff, Messina,& Evans2002)and the
accompanying simulator (Wang, Lewis, & Gennari2003)
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Figure1: Theenvironment(a) is discretized(yellow lines)andrepresentedasa graphwherethecostsof theedgessignify the
distancebetweenthecentersof adjacentnodesif thereis nowall (green)betweenthem.Theexamplehas10 tasks(white) and
5 robots(b) thatall enterat thenodemarkedby thearrow. We useanintermediategoalmaprepresentation(c) for theMILP
problemformulation.

Figure 2: The output of our algorithm is a goal oriented
schedulethat can be executedby an averagerobot with a
3T architecture.

(Figure1a).Theteamreceivespointsfor mappingtheenvi-
ronment,locatingvictims,determiningwhetherthevictim is
“alive” (by analyzingheat,motion,orsoundsignatures),and
readingsmall identi�cation tagsthevictim maybewearing.
We considerthreerelevant capabilitiesbasedon real robot
capabilities:mapping(requiresa laserrange�nder), victim
stateidenti�cation (requiresheatsensor),andvictim ID tag
recognition(requireslight, camerasystem,andgoodmobil-
ity). Sincethesimulatorinteractswith theenvironmentat a
verylow level, therobotarchitecturemustprovideasuitable
layerof abstractionfor planning(Nourbakhshetal. 2005).

MILP ProblemFormulation
SinceMILP solversaretypically not adeptat solving long
sequentialplansandcanbe muchslower at pathplanning
thanA* or othersearchmethods,we attemptto reducepath

planningcomplexity by transformingthe original environ-
ment (N ; E) into a goal map (NG ; EG ) where eachgoal
Gm 2 G is mappedto a node in NG (Figure 1c). The
transformationfrom the original environmentinto the goal
map requiresthat pathplanningbe precomputed.We use
Floyd's algorithmwhich is O(n3) (Cormen,Leiserson,&
Rivest1990). In general,theedgecostsmaydiffer for dif-
ferentclassesof robots. In addition to the tasknodes,we
alsohave a startnodeandan idle node. Thestartnodehas
directededgesto eachtasknodein thegraphaswell asthe
idle nodeandrepresentsthestartingpositionsof therobots.
Everynodehasanedgewith zerocostto theidle node.The
idle nodehasno transitionsout sincea robot would never
schedulea timeslotasidle unlesstherewerenomorepossi-
ble tasksfor it to work on.

Theobjectiveis to �nd aschedulefor eachrobotthatmax-
imizesteamutility. Eachscheduleconsistsof a setof sub-
plansrepresentinga paththroughthe goalmapthat canbe
mappedbackontoa paththroughtheoriginal environment.
The numberof subplansscheduledfor any given robot is
de�nedastheplanninghorizon(! ) for thatrobot.Eachsub-
planconsistsof thetime to travel to thelocationto perform
thetask,thetime spentwaiting for teammatesto arrive,and
thetimeactuallyperformingthetask(Figure2).

We build a MILP mathematicalmodel of the problem.
Note that Rn andGm correspondto robotsor goalswhile
subscriptsdenotea variablethat points to a robot or goal.
Variablesareeitherbinaryor realvaluedandfall into oneof
threeclasses:
� Goal variablesincludebinary variablesGm andRn Gm



that denotewhetherthe goal is scheduledand whether
robot n works on goal m respectively. Goal variables
Gm star t andRn Gm star t arerealvaluedvariablesfor
the absolutetime at which the goal is scheduledor the
robot is scheduledto work on the goal. Rn Gm do is a
real valuedvariabledenotingthe amountof time robot
n dedicatesto achieving goal m. All real valuedvari-
ablestake on the value0 if their binary counterpartsare
0. Additionally, we de�ne antivariablesGm star t � and
Rn Gm star t � that have the samevalue as their corre-
spondingvariablesbut take on thevalueof Tmax if their
binarycounterpartsare0.

� SchedulevariablesincludebinaryvariablesRn Oi P(g1 ;g2 )
that denotewhether or not robot n travels from goal
1 to goal 2 in its i th timeslot. The time spenttravel-
ing, waiting, and working on the goal during a given
timeslot (�gure 2) are representedwith real valued
variablesRn Oi tr avel, Rn Oi star tD o, and Rn Oi do.
Rn Oi star tD o is an absolutetime while Rn Oi tr avel
andRn Oi do representamountsof time.

� Linking variablesRn Gm Oi (binary) and Rn Gm Oi do
andRn Gm Oi star tD o (real) areusedto establishcon-
straintsbetweenthescheduleandgoalvariables.

We want to maximizesolution utility which is the sum
therewardfunctionsfrom all tasksaccomplishedevaluated
at the time at which they wereaccomplished.We assume
thatrewardsdecreaselinearly with time.

Util ity =
P

m s:t : Gm 2G

Tmax � Gm star t �

Tmax
Qm

We subjectthis objective function to the following con-
straints.

� Robotsmustwork onexactlyonetaskat a time:

8n s:t : R n 2R ;i<! :
P

m s:t : Gm 2G
Rn Gm Oi = 1

� Excepttheidle task,arobotmaynotwork onataskmore
thanonce:

8n s:t : R n 2R ;m s:t : G m 2G :
P

i<!
Rn Gm Oi � 1

� Network constraints:In orderto take thepathfrom g1 to
g2 at this timestep,therobotmusthavebeenatnodeg1 at
theendof lasttimestep:

8n s:t : R n 2R ;g1 s:t : Gg 1 2G ;1� i � ! :P

g2 s:t : Gg 2 2G
Rn Oi P(g1 ;g2 ) = Rn Gg1 Oi � 1

In order to take path from g1 to g2 at this timestep,the
robotmustendupatnodeg2:

8n s:t : R n 2R ;g2 s:t : Gg 2 2G ;1� i � ! :P

g1 s:t : Gg 1 2G
Rn Oi P(g1 ;g2 ) = Rn Gg2 Oi

Thetimeallocatedfor travel in this timestepfor thisrobot
must at leastequal the time necessaryfor this robot to
traversepath(g1; g2). Sincethis is robot dependent,we
canhavedifferentcostsfor differentclassesof robots(e.g.

large,fastwheeledmachinesversussmall,legged,climb-
ing robots).

8n s:t : R n 2R ;g1 ;g2 s:t : Gg 1 ;G g 2 2G ;1� i � ! :
Rn Oi P(g1 ;g2 ) ShortestP ath(g1; g2; Rn ) � Rn Oi tr avel

� Initial conditionfor time: (� = startingtime, � � 1).

8n s:t : R n 2R : Rn O1 star tD o = Rn O1 tr avel + �

� Generaltimeconstraintbasedontimestepde�nition (Fig-
ure2)

8n s:t : R n 2R ;1� i � ! :
Rn Oi star tD o = Rn Oi � 1 star tD o + Rn Oi � 1 do+
Rn Oi tr avel

� Robotswith the appropriatecapabilitiesmustbe present
ata nodein orderfor thecapabilityto becovered.

8m s:t : Gm 2G ;k s:t : C m k =1 :
P

n s:t :R n 2R ;S n k =1
Rn Gm � Gm

� A joint task cannotstart until all allocatedrobots are
present:

8n s:t : R n 2R ;m s:t : G m 2G : Gm star t � Rn Gm star tD o
8m s:t : Gm 2G : Gm � Tmax � Gm star t

� All robotsmustwork on thejoint taskfor theentiredura-
tion:

8m s:t : Gm 2G ;n s:t : R n 2R :
Gm star t � Rn Gm star tD o + dm � Rn Gm do
Rn Gm do � Rn Gm � Tmax
Rn Gm do � dm Rn Gm
8m s:t : Gm 2G :P

n s:t : R n 2R
Rn Gm do � dm P

n
Rn Gm

� A robotmaynotwork onajoint taskbeforethescheduled
starttime:

8n s:t : R n 2R ;m s:t : G m 2G : Gm star t � Rn Gm star tD o�

� All timesmustbelessthanTmax .

� Linking constraintsrelate goal variables to their an-
tivariables and goal variables to schedule variables
through linking variables. Linking constraints are
necessaryin order for the resulting solution to be
legal. For example, we have linking constraints
relating Rn Oi star tD o to Rn Gm Oi star tD o and
Rn Gm Oi star tD o to Rn Gm star tD o so that the con-
straintson the robot's time are transferredto the tasks
allocatedto that robot. Linking constraintsare neces-
saryin orderfor the resultingsolutionto be legal. These
constraintsare not includedherebut can be viewed at
http://www.cs.cmu.edu/˜ mberna/research/aaai sup.pdf.

Anytime SchedulingAlgorithm
Oncetheproblemhasbeenformulatedasa MILP, standard
linear programmingtechniquescan be appliedto �nd the
optimalrelaxedsolution(without integerconstraints)which
canbe computedin polynomial time (Cormen,Leiserson,



& Rivest1990). In our experiments,computingtheoptimal
relaxed solutionwasvery fast, requiringwell undera sec-
ond for problemssuchasthe examplein �gure 1(a-b)and
lessthan10 secondsevenfor a largeenvironmentwith 900
nodes,20 robots,and20 tasks. This relaxed solutionpro-
videsan upperboundon teamutility. Finding the optimal
integersolutionhowever is NP hard(Cormen,Leiserson,&
Rivest1990)andthestandardalgorithmusedto searchthe
spaceof integersolutions,branchandbound,hasworstcase
exponentialtime complexity. The integrality gapbetween
therelaxedandintegersolutionsfrequentlymeansthat�nd-
ing a feasiblesolutioncantakeminutesor evenhours.

In this respect,domainspeci�c heuristicscaneasilyout-
performanILP solverasthey cancomputefeasibleif subop-
timal solutionsvery quickly. Furthermore,thetime varying
propertyof theoriginalproblemsuggestsagreedyapproach
is likely to perform well. Most ILP solvers including the
packagewe use(CPLEX) have theability to take an exist-
ingsolutionasastartingpointfor thesearch.Recallfromthe
problemformulationthattheplanninghorizon,! , is de�ned
asthenumberof tasks(includingtheidle task)scheduledfor
a givenrobot. We combinethebene�ts of domainspeci�c
heuristicswith the optimality guaranteesof an ILP solver
by interleaving the two approachesover an ever increasing
planninghorizon(Algorithm 1). Thebranchandboundal-
gorithmstoresthebestsolutionsothealgorithmmaybein-
terruptedatany timeandwill simplyreturnthebestsolution
thusfar. Whenthe planninghorizonequalsthe numberof
tasks,thesolutionis guaranteedto beoptimalsinceit grants
every robot thepossibility of accomplishingevery task. In
practicehowever, no singlerobot performsall tasksso the
optimalsolutionmaybefoundata lowerplanninghorizon.

Algorithm 1 AnytimeSchedulingusingMILP Solver
1: planH oriz = # Tasks
2: prob= CreateMILP(planH oriz )
3: upperB ound = RelaxedSolution(prob)
4: oldSoln = fg
5: for planH oriz = 1 to # Tasksdo
6: prob= CreateMILP(planH oriz )
7: star t = HeuristicScheduler(oldSoln, planH oriz )
8: optimal SolnF orPH = Optimize(prob, star t)
9: oldSoln = optimal SolnF orPH

10: end for
11: returnoptimal SolnF orPH

Results
We have testedour formulationand algorithmextensively
in anabstractsimulator. Thesimulatorrandomlygenerates
an initial blueprint,representedasa grid world. We tested
environmentsbetween10and1000nodesandfound(asex-
pected)thatplanningcomplexity is independentof environ-
mentsizein our formulation. Thesimulatoralsorandomly
generatesa setof taskswith rewardsandcapabilityrequire-
ments. Robotsarerandomlygiven capabilities.The value
of Tmax wasalwayssuf�ciently high to permit the teamto
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accomplishall the tasks(subjectto constraintson teamca-
pabilities).

We consideredfour different algorithms. A myopic
schedulingalgorithmrecursively optimizesthe MILP for a
planninghorizon of 1, that is scheduling1 task for each
robot at eachiteration. The standardILP solver (CPLEX)
optimizestheMILP for a �x edplanninghorizon. Theany-
time algorithmcombinestheseapproachesasdescribedin
Algorithm 1. Wealsocomparedour resultsto agreedymar-
ket basedalgorithmthat sequentiallyholdsoneauctionfor
eachcapabilityrequirementof eachtaskto allocatethetasks
and then optimizesthe schedulebasedon that allocation.
Thoughother improvementsarepossible,including reauc-
tioning tasks,severalmarket-basedsystemsusethis greedy
allocationalgorithm.

Figure3 shows theresultsof thefour algorithmson ran-
domlygeneratedtestcases,varyingthenumberof robots(3,
9, and 15) and the numberof tasks(5, 10, and 15). The
ILP solver, CPLEX,performedpoorly dueto thetime limit
of 60 secondswe imposedduringwhich time it wasunable
to �nd an integersolution. Notethat theanytime algorithm
alwaysperformedaswell asor betterthanthemyopicsched-



ulerwith ameanutility gainof 0.6%andamaximumutility
gainof approximately13%evenundertight timeconstraints
andimprovesfurtherover time. Theanytimealgorithmper-
formedsigni�cantly betterthanthemarket basedalgorithm
with separatedtaskallocationandschedulingwith anaver-
ageutility gainof 10%.Theperformanceof boththemarket
basedsystemandCPLEXdecreasedasproblemcomplexity
(numberof tasks)increased.However, while CPLEX typi-
cally performedslightly betterwith fewerrobots,themarket
basedsystemperformedsigni�cantly worsewith 3 robots
becausetherobotinteractionsandincreasednumberof tasks
perrobotresultedin scheduleinef�ciencies.

We alsoexaminedthe performanceof the variousalgo-
rithms over time on theexampleproblemfrom Figure1(a-
b). Figure4 shows that theanytime algorithmhasdiscrete
jumpscorrespondingto theheuristicschedulerstepof Algo-
rithm 1 (line 7) andslight improvementsastheILP searches
thespaceneartheheuristicsolution,reachingthemaximum
utility of 124.5afterabout45seconds.Themyopicheuristic
terminatedwith amaximumutility of 124.35in lessthan0.1
seconds.Themarketbasedapproachrequired56secondsto
�nd a feasiblescheduleand210secondsto �nd theoptimal
schedule(giventheinitial allocation)with autility of 123.3.
CPLEX required8 minutesto �nd a feasiblesolution and
still hadnotconvergedto theoptimalsolutionwhenstopped
afteranhourwith a utility of 121.4.Theseresultsshow that
the anytime algorithm signi�cantly improvesperformance
over standardILP solutiontechniques,thoughif time is an
issue,themyopicheuristicmaybemoresuitable.

Conclusionand Future Work
The problem of task allocation for heterogeneousrobot
teamswith supportfor joint taskshasdifferentchallenges
than either task allocation without joint tasksor multia-
gentcoalition formationwithout spatialconstraints.Find-
ing theoptimalsolutionrequiressimultaneouslysolvingthe
pathplanning,scheduling,andtaskallocationproblems.A
declarative framework enablesrobotsto reasonabouttheir
commitmentsto their teammates,explain their actionsto
humans,andprovidessuf�cient �e xibility . We presenteda
continuoustime MILP problemformulationthatminimizes
the effect of path planning complexity. We also demon-
stratedan anytime algorithmwith error boundscapableof
bothquickly �nding asolutionfor midsizedrobotteamsand
of �nding theoptimalschedule,givenenoughtime.

Dueto inaccuraciesin therepresentationanduncertainty
in theenvironment,robotswill needto re�ne theirschedules
asthey executetheir plans. We plan to utilize the declara-
tive framework providedby theMILP problemformulation
for intelligent replanning,reasoningaboutinteractionsand
schedulestability duringreplanning.

The algorithm and framework provided suffer from the
standarddrawbacksof a centralizedsystemincluding vul-
nerability to point failure,communicationfailure,andlack
of scalability. We are investigatingmethodsfor mitigat-
ing thesedrawbacksby designingandimplementinga dis-
tributedversionof this algorithm.

Another areafor future work includesaugmentingthe
problemde�nition to includeorderingconstraintsbetween

tasks,partialrewardsfor partialsatisfactionof goalrequire-
ments,andrealvaluedcapabilities.TheMILP problemfor-
mulation is generalenoughto easily accommodatethese
changesthough it is unclearwhat the impact on solution
complexity wouldbe.
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