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Abstract

Existing approachego multirobot coordinationsepa-
rateschedulingandtaskallocation,but nding the op-
timal schedulewith joint tasksand spatial constraints
requiresrobots to simultaneouslysolve the schedul-
ing, task allocation,and path planning problems. We
presentformal descriptionof the multirobotjoint task
allocationproblemwith heterogeneousapabilitiesand
spatial constraintsand an instantiationof the problem
for the searchand rescuedomain. We introduce a
novel declarative framewvork for modelingthe problem
as a mixed integer linear programming(MILP) prob-
lem and presenta centralizedarnytime algorithm with
error bounds. We demonstratehat our algorithm can
outperformstandardMILP solving techniquesgreedy
heuristicsandamarketbasedpproactwhichseparates
schedulingandtaskallocation.

Intr oduction

Challengingenvironmentssuchasdisasteresponserecon-
naissanceand spaceconstructionrequirethe coordination
of team=f robots.Robotteamsn thesedomainswill neces-
sarily be heterogeneouasscostlimitations, powerconsump-
tion andsizeconstraintgequiretradeofs betweermmobility
and capabilities. Task executionin thesedomainsmay re-
quire subteam®f robotsto work togetheron a joint taskto
improve teamperformanceor if no single robot possesses
the necessargapabilities. Coordinationof multiple robots
on a joint taskrequiresrobotsto considerschedulingcon-
currentlywith taskallocation. The presencef spatialcon-
straintsrequiresrobotsto considerraveling costsand path
planningduringscheduling.Therefore coordinatingateam
of robotsto accomplisha setof joint tasksat differentloca-
tionsin theervironmentrequiressimultaneouslhgolvingthe
taskassignmentschedulingandpathplanningproblems.
We areinterestedn the problemwhererobotsstartwith
someinitial informationaboutthe ervironmentand goals.
For example,in the searchandrescuedomain,robotsmay
have aninitial blueprintwith probablevictim locations.We
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assumehat goalshave time-varying rewards. Robotsmay
be heterogeneouboth in their ability to traversethe ervi-

ronmentandin their sensorsand manipulators.Tasksmay
requireseveralcapabilities An examplefrom thesearchand
rescuedomainis thetaskof evaluatingthe stateof a victim

which may requirea microphone yvision system,andspot-
light. If no singlerobotis ableto provide all the required
capabilities multiple robotsneedto cooperateandall work
onthegoalatthesametime.

Dueto the uncertainnatureof theseervironments how-
ever, the initial informationis likely to be wrong and will
needto be re ned online asthe robotsexecutetheir plans.
Robotsmustalsobe ableto explain their plansto humans,
who may monitor executionand wish to changethe plans.
During replanningobotsmustreasonabouttheir commit-
mentsto teammatesA declaratve framework is necessary
to satisfythesdasttwo requirements.

The problemcanbe viewed asa constraintoptimization
problemwith theobjective of maximizingrewardsfrom var-
ious goals. If we assumethat rewardsvary linearly with
time, the problemcanbe formulatedasa mixedintegerlin-
ear programming(MILP) problemincorporatingschedul-
ing, task allocation, and path planning constraints. The
declaratve natureof this representatiorallows intelligent
replanningand reasoningaboutthe effects of a changein
plans. An MILP problemformulationalsoallows the e x-
ibility to combinemultiple objective functionsandto put
orderingconstrainton thetasks.

Incorporatingspatialconstraintsconstitutesa signi cant
challenge however. A naive MILP problemformulationis
todiscretizeboththeervironmentandtime andcreateavari-
ablefor every nodein the ervironmentfor every timestep.
For all but the smallestervironments, this representation
is computationallyinfeasible. Solving MILPs is NP-hard,
andlinear programsareinef cient at solving systemswith
long sequentiablansasin path planning(Bererton2004).
Likewise, discretizingtime causesproblemcompleity to
increasdnverselywith the time stepsizeanddirectly with
theamountof time robotsconsiderduring scheduling Dis-
cretetime modelsmay also be suboptimalif the time step
sizeis not sufciently small. Insteadwe have developedan
MILP formulationthat is independenbf the ervironment
sizeandusesa continuoudime model.

Inspiredby humanremegeng respondecoordinationwe



assumehatthe ervironmentcanbe brokendown into inde-
pendeniareado be searchedy manageablgizedteamsof

robotsso that eachteamhason the orderof 10 robots. We

presenian arytime algorithmthat convergesto the optimal
solutionwhile providing error boundsby combiningstan-
dard ILP solutiontechniqueswith domainspeci ¢ heuris-
tics. Although a centralizedapproachwould not scaleto

systemswith hundredsof robots,our approachcanoutper

form distributed approachesinceit leveragesthe relaxed
solutionto theMILP problem.It hasbeenableto nd sched-
ulesfor up to 20 robotswithin secondsa necessaryuality
for asystemto beimplementedn realrobots.

RelatedWork

Joneset al. (2004)proposea taxonomyof multirobot task
allocationproblemsdependingnwhethertherobotsareca-
pableof performingone(ST) or more(MT) tasksatatime,
whethermgoalsrequireexactly one(SR)or more(MR) robots
to be achieved, and whethertask allocationsare instanta-
neouglA) orincludetime-extendedschedulingd TA). While
this taxonomyignoresheterogeneityit is useful for com-
paring our work, which falls into the ST-MR-TA cateagory,
with existingsystemsMarket-baseglannersuchasMUR-
DOCH (Gerkey & Mataric 2003) and TraderBots(Dias et
al. 2004) do not permit subteamgo work on a task and
sofall into the ST-SR-1A and ST-SR-TA categoriesrespec-
tively. Neitherof thesesystemsrovide errorboundsWhen
asinglerobotis allocatedto eachtask,interleaving taskal-
locationandschedulings sufcient andthe problemsdonot
needto beconsideregimultaneouslyWhile recentwork by
(Schneideetal. 2005)extendsthe TraderBotssystento in-
cludetime varyingrewardsandheterogeneoumbots,it still
lacksthe ability to solve the problemwe proposerequiring
multiple robotsto coordinateon atask.

The eld of coalitionformationin themultiagentsystems
domainis relatedto the ST/MT-MR-IA classof problems.
ShehoryandKraus(1998)presentistributedanytime algo-
rithmswith errorboundsn themultiagentdomainbut donot
addresgeasoningaboutspatialconstraintsor time varying
reward. However, sincemultiagentsystemsare concerned
with rationalagentsthey do not explicitly maximizeteam
utility but insteaduse market mechanismgo promotesta-
bility andefciency (Li etal. 2003). This is a different
paradigmthanthedeclaratve MILP frameworkin ourwork
which hasno modelof individual robotutility but explicitly
maximizeseamutility.

A nal body of relatedwork includesdistributed con-
straintoptimization(DCOP) suchas ADOPT (Modi et al.
2003). However, distributedalgorithmscannotleveragethe
relaxed solution as a centralizedsolution. Even for the
much simpler DIMES problempresentedn (Mahesvaran
etal. 2004)which doesnot include spatialconstraintsthe
ADOPT algorithmrequiredminutesor hoursso solve prob-
lemsthata centralizecblannercouldsolve in afractionof a
secondandsois ill-suited for roboticsapplications.

LA-DCOP (Scerrietal. 2005)is a taskallocationalgo-
rithm for large scaleteamsthat attemptsto maximizethe
teams expectedutility given probabilistic information by
computinga minimum capability thresholdfor eachtask.

LA-DCOP theninterleares schedulingandtaskallocation.
It doesnot guaranteahe optimal solution or provide error
bounds.LA-DCOP doesnot explicitly considerpathplan-
ning during task allocationbut insteadincorporatesravel
time considerationsvith other tness criteria into a single
axisfor robot heterogeneity Furthermorethe assumptions
underlyingthe probabilisticrepresentationf teamcapabili-
tiesmaybreakdown in domainswith fewer robotsdecreas-
ing teamperformance.

Heterogeneouslask Schedulingwith
Spatiotemporal Constraints

Given a map of the ernvironmentwith tasksto be accom-
plishedanda setof robotswith heterogeneousapabilities,
we needan approacho obtainthe optimal solution. Figure
1 shawvsasampleervironmentandanabstractiorfor theen-
vironmentthattherobotscanusefor planning. Thedesired
output,a scheduldn absolutetime thatcanbe executedby
therobots,is shavnin gure 2.

We presenta generalproblemformulation that captures
the important characteristicoof problemswith heteroge-
neousagentsand joint actiities for domainsthat require
spatialaswell astemporalcoordination.Supposeave have a
setof N resource®peratingin anernvironmentwith K rel-
evantcapabilitiesanda setof M tasksto be accomplished.
Eachtaskhasan associatedeward, location,and duration.
We thenbegin with aresourcesetR := fR';R?;::;;RN g
andasetof tasksor goalsG := fG*; G?;::;; GM g. Theob-
jectis to createateamplanfor all theresourceso maximize
theteamrewardoverthetime available.

We assumehatthe ervironmentis discretizedandrepre-
sentedasa weightedundirectedgraphof nodesandedges,
(N;E). EachresourceR" has specic capabilities, S"
whereS" is avectorwhoselengthis equalto thecardinality
K, of the setof capabilitiesrelevantto this environment.

Eachtask hasan associatedocation, duration, reward,
and necessanset of capabilities. We canthen character
izethem-th goalasatupleG™ := (N™;d™; Q™ (t);C™)
whereC™, the capabilitiesrequiredto achieve goalm, is a
vectorwhoselengthis equalto K andC™« = 1if capability
k is requiredto achieve taskm andO otherwise.The dura-
tion requiremenmeanghatall capabilitiesmustbesatis ed
by the resourceset, R, at locationN™ for the entire con-
tinuousduration,d™, in orderfor the goal to be achieved.
Rewards,Q™, aretime varying andthereexists sometime
limit, Tmax , afterwhichtime all rewardsare0.

Search and Rescue

Thedangerousatureof a disastelareamakesit anidealap-

plication for robotic exploration. Yet the unstructurecand
uncertainmatureof the environment,the necessityffor speed
andheterogeneousapabilitiesandthecommunicatiorcon-

straintsall make it a challengingapplicationfor multirobot
coordination. Disasterresponsesncompassea large area
of problems. This work focuseson the problemof explor-

ing asemistructurediisastesite suchasthe RoboCupRes-
cue competition(Jacof, Messina,& Evans2002)andthe
accompaping simulator (Wang, Lewis, & Gennari2003)
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Figurel: Theernvironment(a) is discretizedyellow lines)andrepresentedsa graphwherethe costsof the edgessignify the
distancebetweerthe centersof adjacennodesf thereis nowall (green)betweerthem. The examplehas10 tasks(white) and
5 robots(b) thatall enterat the nodemarkedby the arron. We useanintermediategoal maprepresentatiofic) for the MILP

problemformulation.

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

(Figurela). Theteamrecevespointsfor mappingthe ervi-

ronmentjocatingvictims, determiningvhetherthevictim is
“alive” (by analyzingheat,motion,or soundsignatures)and
readingsmallidenti cation tagsthevictim maybewearing.
We considerthreerelevant capabilitiesbasedon real robot
capabilities:mapping(requiresa laserrange nder), victim

stateidenti cation (requiresheatsensor)andvictim ID tag
recognition(requiredight, camerasystemandgoodmobil-
ity). Sincethe simulatorinteractswith the ervironmentat a
verylow level, therobotarchitecturanustprovide asuitable
layerof abstractiorfor planning(Nourbakhstetal. 2005).

MILP Problem Formulation

SinceMILP solversaretypically not adeptat solving long
sequentiablansand can be much slower at path planning
thanA* or othersearchmethodswe attemptto reducepath

planningcompleity by transformingthe original environ-
ment (N ; E) into a goal map (Ng; Es) where eachgoal
G™M™ 2 G is mappedto a nodein Ng (Figure1c). The
transformatiorfrom the original ervironmentinto the goal
map requiresthat path planningbe precomputed.We use
Floyd's algorithmwhich is O(n?®) (Cormen,Leiserson &

Rivest1990). In generalthe edgecostsmay differ for dif-

ferentclasseof robots. In additionto the task nodes,we
alsohave a startnodeandanidle node. The startnodehas
directededgeso eachtasknodein the graphaswell asthe
idle nodeandrepresentshe startingpositionsof the robots.
Everynodehasanedgewith zerocostto theidle node.The
idle nodehasno transitionsout sincea robot would never
scheduleatimeslotasidle unlesgherewereno morepossi-
ble tasksfor it to work on.

Theobjectveisto nd ascheduldor eachrobotthatmax-
imizesteamutility. Eachscheduleconsistsof a setof sub-
plansrepresenting paththroughthe goal mapthat canbe
mappedbackonto a paththroughthe original environment.
The numberof subplansscheduledor ary given robot is
de nedastheplanninghorizon(! ) for thatrobot. Eachsub-
planconsistof thetime to travel to thelocationto perform
thetask,thetime spentwaiting for teammates$o arrive, and
thetime actuallyperformingthetask(Figure?2).

We build a MILP mathematicaimodel of the problem.
NotethatR" andG™ correspondo robotsor goalswhile
subscriptsdenotea variablethat pointsto a robot or goal.
Variablesareeitherbinaryor realvaluedandfall into oneof
threeclasses:

Goalvariablesinclude binary variablesG,, andR,Gn,



that denotewhetherthe goal is scheduledand whether
robot n works on goal m respectiely. Goal variables
Gn, _start andR,, G, _start arereal valuedvariablesfor
the absolutetime at which the goal is scheduledor the
robot is scheduledo work on the goal. R, G, _dois a
real valuedvariable denotingthe amountof time robot
n dedicateso achieving goal m. All real valuedvari-
ablestake on the valueO if their binary counterpartare
0. Additionally, we de ne antivariablesG, _start and
RnGn _start that have the samevalue as their corre-
spondingvariablesbut take on the valueof Trmax if their
binary counterpartsire0.

SchedulevariablesncludebinaryvariablesR, O; P(g, ;4,)
that denotewhether or not robot n travels from goal
1 to goal 2 in its i timeslot. The time spenttravel-
ing, waiting, and working on the goal during a given
timeslot (gure 2) are representedwith real valued
variablesR,, O; _tr avel, R,,O; _startD o, and R, O; _do.
Rn O _startD o is an absolutetime while R, O; _tr avel
andR, O; _dorepresenamountsof time.

Linking variablesR, G, O; (binary) and R, G, O; _do
andR, G, O; _startD o (real) are usedto establishcon-
straintsbetweerthe scheduleandgoalvariables.

We want to maximize solution utility which is the sum

the reward functionsfrom all tasksaccomplishedvaluated
at the time at which they were accomplished.We assume
thatrewardsdecreasdéinearly with time.

- P
Util ity = Tmax_l_G—m—StaftQm
m sit: G™ 2G max

We subjectthis objective function to the following con-

straints.
Robotsmustwork on exactly onetaskatatime:
P
8n st: R 2R qet o R.GhOi =1
m sit: G™ 2G

Excepttheidle task,arobotmaynotwork onataskmore
thanonce:

8n st: RN2R :m st: GM2G - RnGmO; 1
i<!

Network constraintsin orderto take the pathfrom g; to
0. atthistimesteptherobotmusthave beenatnodeg; at
theendof lasttimestep:

8n sPRN2R ig; s1:GI12G:1 i | -
RnO| P(gl;gz) = Rn Gglo| 1
g2 sit: G922G

In orderto take pathfrom g; to g, at this timestep,the
robotmustendup atnodegs:

8n sPR"2R ;g; sit: G922G;1 i ! -
RnGi P(gl;gz) = RnGg, O
g1 sit: G912G

Thetime allocatedfor travel in thistimestepfor thisrobot
must at leastequalthe time necessaryor this robot to
traversepath(g;; g2). Sincethis is robot dependentye
canhavedifferentcostsfor differentclasse®f robots(e.g.

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

8n st: R"2R ig1:g2 st: G91;G922G:1 i !
RnOiPg;; gz)ShortestPath(gl,gz,R )  R,O;_travel

Initial conditionfor time: (= startingtime, 1).
8h st: rn2r : RpnOp_startD o= R,O;_travel +

Generatime constrainbasedntimestepde nition (Fig-
ure2)

8nst:RI2R ;1 i ! -
R,OistartDo= R,O; istartDo+ R,O; ;_dot+
R, O _tr avel

Robotswith the appropriatecapabilitiesmustbe present
atanodein orderfor the capabilityto be covered.

8m st: GM2Gk st CMk=1 - RnGnm Gm
n sit:R"2R ;S"k=1

A joint task cannotstart until all allocatedrobots are
present:

8n st:R"2R ;m st: Gm 26 . Gm_Start  R,Gn, _startD o
8mst:am2c : Gm  Tmax Gm _start

All robotsmustwork onthejoint taskfor the entiredura-
tion:

8m st: GmM2G:n st: RM2R -

Gm_start R, Gq_startDo+ d™ R,G_do
R.Gndo R.Ghn Tmax

RnGm.do d"R,Gn

8m g:Gm2G - =
R,Gy.do d™ RnGn
n st: R"2R n

A robotmaynotwork onajoint taskbeforethescheduled
starttime:

8n st: R"2R im st: gm2g : Gm-start  R,Gp_startD o

All timesmustbelessthanTmay -

Linking constraintsrelate goal variablesto 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 R,O;_startbo to R,G,O;_startDo and
R, G, O;_startD o to R, G,, _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 belegal. These
constraintsare not included here but can be viewed at
http://wwwcs.cmu.edl/mberna/eseach/aaa sup.pdf

Anytime SchedulingAlgorithm

Oncethe problemhasbeenformulatedasa MILP, standard
linear programmingtechniquescan be appliedto nd the
optimalrelaxedsolution(without integerconstraintsyhich
canbe computedin polynomialtime (Cormen,Leiserson,



& Rivest1990).In our experimentscomputingthe optimal
relaxed solutionwas very fast, requiringwell undera sec-
ond for problemssuchasthe examplein gure 1(a-b)and
lessthan10 secondsvenfor alarge ervironmentwith 900
nodes,20 robots,and 20 tasks. This relaxed solution pro-
videsan upperboundon teamutility. Finding the optimal
integersolutionhoweveris NP hard(Cormen Leiserson&
Rivest1990) andthe standardalgorithmusedto searchthe
spaceof integersolutions branchandbound,hasworstcase
exponentialtime compleity. The integrality gap between
therelaxedandintegersolutionsfrequentlymeanghat nd-
ing afeasiblesolutioncantake minutesor evenhours.

In this respectdomainspeci ¢ heuristicscaneasilyout-
performanlLP solverasthey cancomputefeasibleif subop-
timal solutionsvery quickly. Furthermorethetime varying
propertyof theoriginal problemsuggestsa greedyapproach
is likely to performwell. Most ILP solversincluding the
packagewe use(CPLEX) have the ability to take an exist-
ing solutionasastartingpointfor thesearchRecallfromthe
problemformulationthatthe planninghorizon,! , is de ned
asthenumberof taskg(includingtheidle task)scheduledor
a givenrobot. We combinethe bene ts of domainspeci ¢
heuristicswith the optimality guarantee®f an ILP solver
by interleaving the two approachesver an ever increasing
planninghorizon(Algorithm 1). The branchandboundal-
gorithmstoresthe bestsolutionsothe algorithmmaybein-
terruptedatary time andwill simply returnthebestsolution
thusfar. Whenthe planninghorizonequalsthe numberof
tasksthesolutionis guaranteetb beoptimalsinceit grants
every robot the possibility of accomplishingavery task. In
practicehowever, no singlerobot performsall tasksso the
optimalsolutionmaybefoundatalower planninghorizon.

Algorithm 1 Anytime SchedulingusingMILP Solver

: planH oriz =# Tasks

: prob= CreateMILPplanH oriz)

. upperB ound = RelaxedSolutionprob)

: oldSoln =fg

: for planH oriz = 1to # Tasksdo

prob= CreateMILPplanH oriz)

start = HeuristicSchedulegdSoln, planH oriz)
optimal SolnF orPH = Optimizeproh start)
oldSoln = optimal SolnF orPH

: endfor

: returnoptimal SolnF orPH

FPOO®ONOURAWNR
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Results

We have testedour formulation and algorithm extensvely
in anabstracsimulator The simulatorrandomlygenerates
aninitial blueprint,representedsa grid world. We tested
ervironmentsbetweenl0 and1000nodesandfound (asex-
pectedthatplanningcompleity is independensf environ-
mentsizein our formulation. The simulatoralsorandomly
generates setof taskswith rewardsandcapabilityrequire-
ments. Robotsarerandomlygiven capabilities. The value
of Tmax Wasalwayssufciently highto permitthe teamto
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Figure 3: The arnytime algorithm consistentlyresultedin
higherutility thanthe otherapproachesResultsshavn are
averagedovertrialswith 3,9, and15robots.
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Figure4: Anytime Algorithm resultsover time on example
from gure 1(a-b). All timesare CPLEX CPUtimeson a
2.8GHzPentium4 machinewith 1GB RAM.

accomplishall the tasks(subjectto constraintson teamca-
pabilities).

We consideredfour different algorithms. A myopic
schedulingalgorithmrecursvely optimizesthe MILP for a
planning horizon of 1, that is schedulingl task for each
robot at eachiteration. The standardLP solver (CPLEX)
optimizesthe MILP for a x edplanninghorizon. The ary-
time algorithm combinestheseapproachess describedn
Algorithm 1. We alsocomparedur resultsto agreedymar
ket basedalgorithmthat sequentiallyholds one auctionfor
eachcapabilityrequiremenbf eachtaskto allocatethetasks
and then optimizesthe schedulebasedon that allocation.
Thoughotherimprovementsare possible,including reauc-
tioning tasks,several market-basedystemsausethis greedy
allocationalgorithm.

Figure 3 shaws the resultsof the four algorithmson ran-
domly generatedestcasesyaryingthe numberof robots(3,
9, and 15) and the numberof tasks(5, 10, and 15). The
ILP solver, CPLEX, performedpoorly dueto thetime limit
of 60 secondsve imposedduringwhich time it wasunable
to nd anintegersolution. Note thatthe anytime algorithm
alwaysperformedaswell asor betterthanthemyopicsched-



ulerwith ameanutility gainof 0.6%andamaximumutility
gainof approximatelyl 3%evenundertight time constraints
andimprovesfurtherovertime. The arnytime algorithmper
formedsigni cantly betterthanthe market basedalgorithm
with separatedaskallocationandschedulingwith anaver
ageutility gainof 10%. Theperformancef boththe market
basedsystemandCPLEX decreasedsproblemcomplexity
(numberof tasks)increased However, while CPLEX typi-
cally performedslightly betterwith fewerrobots the market
basedsystemperformedsigni cantly worsewith 3 robots
becaus¢herobotinteractionsaandincreasechumberof tasks
perrobotresultedn schedulénef ciencies.

We also examinedthe performanceof the variousalgo-
rithms over time on the exampleproblemfrom Figure1(a-
b). Figure4 shawvs thatthe anytime algorithmhasdiscrete
jumpscorrespondingo theheuristicschedulestepof Algo-

rithm 1 (line 7) andslightimprovementsasthelLP searches

thespacenearthe heuristicsolution,reachinghe maximum
utility of 124.5afterabout45 secondsThemyopicheuristic
terminatedvith amaximumutility of 124.35in lessthan0.1

secondsThemarketbasedapproachrequired56 secondso

nd afeasiblescheduleand210secondgo nd theoptimal

schedulggiventheinitial allocation)with a utility of 123.3.
CPLEX required8 minutesto nd a feasiblesolution and

still hadnot convergedto the optimalsolutionwhenstopped
afteranhourwith a utility of 121.4.Theseresultsshav that

the anytime algorithm signi cantly improves performance
over standardLP solutiontechniquesthoughif time is an

issue themyopicheuristicmaybemoresuitable.

Conclusionand Futur e Work

The problem of task allocation for heterogeneousobot
teamswith supportfor joint taskshasdifferentchallenges
than either task allocation without joint tasksor multia-
gentcoalition formation without spatialconstraints. Find-
ing the optimal solutionrequiressimultaneoushgolvingthe
pathplanning,schedulingandtaskallocationproblems.A
declaratve framewvork enablesobotsto reasonabouttheir
commitmentsto their teammatesgxplain their actionsto
humansandprovidessufcient e xibility. We presentec
continuougime MILP problemformulationthat minimizes
the effect of path planning compleity. We also demon-
stratedan anytime algorithmwith error boundscapableof
bothquickly nding asolutionfor midsizedrobotteamsand
of nding theoptimalschedulegivenenoughtime.

Dueto inaccuraciesn the representatioanduncertainty
in theervironment robotswill needto re ne theirschedules
asthey executetheir plans. We planto utilize the declara-
tive framework provided by the MILP problemformulation
for intelligent replanning,reasoningaboutinteractionsand
schedulestability duringreplanning.

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

Another areafor future work includesaugmentingthe
problemde nition to include orderingconstraintbetween

tasks partialrewardsfor partial satishctionof goalrequire-
ments,andrealvaluedcapabilities.The MILP problemfor-
mulation is generalenoughto easily accommodatehese
changeghoughit is unclearwhat the impact on solution
compleity would be.
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