
In IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS),
pages 381-387, Sendai, Japan, Sept 2004.

AutomaticSynthesisof Communication-Based
CoordinatedMulti-Robot Systems

Chris JonesandMaja J Mataríc
ComputerScienceDepartment,University of SouthernCalifornia

941 West37th Place,Los Angeles,CA 90089-0781USA
Email: f cvjonesjmaja@robotics.usc.edug

Abstract— To enable the successfuldeployment of task-
achieving multi-r obot systems(MRS), coordination mecha-
nisms must be utilized in order to effectively mediate the
interactions between the robots and the task envir onment.
Over the past decade,there have been a number of elegant
experimentally demonstratedMRS coordination mechanisms.
Most of thesemechanismshave been task-speci�c in nature,
typically providing only empirical insights into coordination
designand little in the way of systematictechniquesto assist
in the design of coordinated MRS for new task domains.
To fully realize the potentials of MRS, formally-grounded
systematic techniques amenable to analysis are needed in
order to facilitate the designof coordinated MRS. We address
this problemby presentinga formal framework for describing
and reasoning about coordination in a MRS. Using this
principled foundation, we are developing a suite of general
methodsfor automaticallysynthesizingthe controllers of robots
constituting a MRS such that the given task is performed
in a coordinated fashion. This paper presentsa method for
the automatic synthesisof a speci�c type of controller, one
that is statelessbut capableof inter-robot communication.We
also presenta graph coloring-basedapproach for minimizing
the number of necessaryunique communication messages.
The synthesisof such communicative controllers provides a
meansfor assessingthe usesand limitations of communication
in MRS coordination. We presentexperimental validation of
our formal approach of controller synthesisin a multi-r obot
construction domain thr ough physically-realistic simulations
and in real-robot demonstrations.

I . INTRODUCTION

The study of multi-robot systems(MRS) has received
increasedattentionin recentyears.This is not surprising
ascontinuallyimproving technologyhasmadeit realisticto
considerthedeploymentof MRSconsistingof increasingly
larger numbersof robots. With the growing interest in
MRS comesthe expectationthat, at least in someimpor-
tant respects,multiple robotswill be superiorto a single
robot in achieving a given task. Potentialadvantagesof
MRS over a single robot are frequentlyexpoundedin the
literature.For example,total systemcost, it is frequently
claimed,may be reducedby utilizing multiple simpleand
cheaprobotsasopposedto a singlecomplex andexpensive
robot. Furthermore,the inherentcomplexity of sometask
environmentsmayrequire theuseof aheterogeneousgroup
of robotsas the necessarycapabilitiesare too substantial
to be met by a single robot. Finally, multiple robots
may provide increasedrobustnessby taking advantageof
inherentparallelismandredundancy.

However, the utilization of MRS posespotentialdisad-
vantagesandadditionalchallengesthat mustbe addressed

if MRS are to presenta viable and effective alternative
to single robot systems.Of paramountimportanceis the
complexity introduced by the managementof multiple,
interactingrobots. In order for a task-achieving MRS to
be effective, the robots' actionsmust be carriedout in a
coordinatedfashionanddirectedtowardsthe achievement
of thegiven task.A MRS lackingeffective coordinationis
less likely to presenta solution that is more desirableor
effective than a single robot solution.Correctly executing
a task in a multi-robot system presentsfundamentally
different issuesfrom doing so in a single robot system.
In a MRS, it cannotbe assumedthat a particular robot
is always aware of the task progressresulting from the
actionsof other robots.Formally, from the perspective of
an individual robot in a MRS, the task environment is
highly non-stationary.

From a few robotsperforming a manipulationtask, to
tens of robots exploring a large space,to thousandsof
ecosystemmonitoringnano-robots,asthenumberof robots
in the systemincreases,so doesthe necessityand impor-
tanceof coordination.Coordinationis de�ned as “the act
of regulatingandcombiningso as to produceharmonious
results” [1]. In the context of MRS, coordinationis the
processof appropriatelyregulatingtherobots' actionssuch
that a given task or goal is successfullyachieved. Our
work is focusedon distributedMRS, in which eachrobot
operatesindependentlyunder local sensingand control,
with coordinatedgroupbehavior arisingout of local inter-
actionsbetweenthe robotsand the taskenvironment.The
designof suchcoordinateddistributed MRS can be quite
challengingbecauseunexpectedcollective behaviors may
emerge due to unanticipatedrami�cations of the robots'
local interactions.Nonetheless,many eleganthand-crafted
coordinationmechanismshave been demonstrated,both
in simulation and on physical robots. The natureof the
employed mechanismshave taken many forms,seemingly
limited only by the ingenuityof the designer.

Unfortunately, MRS coordinationdesign still remains
more of an art than a science.The coordinationmecha-
nismsemployed are usually task-speci�c.Designerstypi-
cally provide little formal analysisas to expectedsystem
performanceand rarely provide informal explanationsas
to why the employed mechanismis moreappropriatethan
possiblealternatives. The designof coordinationmecha-
nisms needsto be systematicand formally groundedin
orderto move it into the realmof scienceandfully realize



the advantagesof MRS over singlerobot systems.Thus,a
central challenge facing the MRScommunityis the design
of principled methodsfor the synthesisand analysis of
coordination mechanisms.

To addressthis issue,we have developeda formalism
which providesa principledframework for preciselyde�n-
ing and reasoningabout the intertwinedentities involved
in any task-achieving MRS – the world, task de�nition,
and the capabilitiesof the robots themselves, including
actionselection,sensing,maintenanceof internalstate,and
inter-robot communication.Using this principled founda-
tion, we are developing a suite of generalmethodsby
which to automaticallysynthesizethe controllersof robots
constitutinga MRS such that a given task is performed
in a coordinatedfashion. Each of thesemethodsis di-
rectedtoward thesynthesisof a speci�c type of controller.
We taxonomizecontrollersbasedon the following three
characteristics:deterministicor probabilisticaction selec-
tion (DA/PA), using internal state or stateless(IS/NIS),
and capableor incapableof inter-robot communication
(Comm/NComm).Our synthesismethodsfor controllers
acrossthis taxonomy provide more than just pragmatic
tools for building coordinatedMRS. Given their formal
grounding, they also provide a meansto systematically
determine the fundamentallimitations of each type of
controller, to understandtheinherentrelationshipsbetween
different controller types, to contribute methodsto sys-
tematically reduceone controller type to another, and to
provide insight into the general requirementsnecessary
for achieving different forms of coordination.We aim to
facilitateformalanswersto fundamentalquestions,suchas:
`In whatconditionsis it necessaryfor therobotsto beable
to communicate?', `In what conditionsis communication
aloneinsuf�cient?', and`Whenare theuseof internal state
and communicationinterchangeable?'.

In our previous work, we presenteda methodfor the
synthesisof DAct-IS-NoComm controllers and de�ned
situationsin which internal stateis useful to achieve the
necessarycoordination[10] anda macroscopicMRS mod-
eling approachdirected to the analysisof homogeneous
MRS composedof robots executing DAct-IS-NoComm
controllers[11]. In this paper, we presenta new method
for the synthesisof a different type of controller, a DAct-
NoIS-Comm.In addition,we show when and why DAct-
NoIS-Commcontrollersareusefulin achieving thedesired
coordination.Furthermore,we provide a graph coloring-
based approachfor minimizing the number of unique
communicationmessagesused.We presentexperimental
validation of our formal approachto DAct-NoIS-Comm
controller synthesisin physically-realisticsimulationsand
in real-robotdemonstrationsin a multi-robot construction
taskdomain.

I I . RELATED WORK

Related work on the synthesisand analysisof MRS
coordinationmechanismsincludes,but is not limited to,
the work of Donald [5] that presentsthe derivation of
information invariantsaimedat de�ning the informational

requirementsof a given task and ways in which those
requirementscan be satis�ed in a robot controller. Parker
[19] extendsthe idea of information invariantsby de�n-
ing equivalenceclassesamongtask de�nitions and robot
capabilitiesto assistin the choiceof an appropriatecon-
troller class.Dudek et al. [6] presenta taxonomywhich
classi�esmulti-robotsystemsbasedon communicationand
computationalcapabilities.Martinoli et al. [14] presents
a generalmethodologyby which the collective behavior
of a group of mobile robots can be accuratelystudied
using a simple probabilistic model. Balch [4] presents
hierarchicsocialentropy, an informationtheoreticmeasure
of robot teamdiversity in an effort to understandthe role
of heterogeneityin MRS coordination.Gerkey andMataríc
[8] presentaprincipledframework andananalysismethod-
ology for the formal study of multi-robot task allocation.
Lermanand Galstyan[13] presenta mathematicalmodel
of the dynamicsof collective behavior in a multi-robot
adaptive task allocation domain. Alternative approaches
to the synthesisof MRS controllers can be found in
evolutionary methods[7] and learningmethods[15, 18].
Therealso exist a numberof MRS designenvironments,
control architectures,and programminglanguageswhich
assist in the design of task-achieving coordinatedMRS
[16, 3, 2].

I I I . DEFINITIONS AND NOTATION

We now provide necessaryde�nitions for the formal-
ism. The world is the environment in which the MRS
is expected to perform a de�ned task. We assumethe
world is Markovian, the stateis an elementof the �nite
set S of all possiblestates,and is populatedby a �nite
setof homogeneousrobotsR. An actionperformedin the
world by a single robot is drawn from the �nite set A of
all possibleactions.An observationx madeby a robot,
drawn from the �nite setof all observationsX , consistsof
accessibleinformation external to the robot and formally
representsa subsetof theworld state.Theworld is de�ned
by aprobabilisticstatetransitionfunctionP(s; x; a; s0) that
statesthe probability the world stateat time t + 1 is s0

given the world stateat time t is s and a robot making
observation x executesaction a. We note that the world
state transition function involves an observation because
the taskswe considerarespatialin natureandthephysical
locationwherean action is performedis just as important
as the action itself. In this representation,an observation
x is equatedwith the spatial location wherethe action a
is performed.Therefore,an action a, executedupon the
observationof x i , will transitiontheworld differently than
the sameactiona, performedupon the observation of x j .
The probabilistic observationfunction O(s; x) gives the
probability the observation x will be made by a robot
in world states. We assumethat an observation x may
only be madeat one physical location in the world in a
states. We de�ne a task, assumedto be Markovian, as a
set of n orderedworld statesTs = f s0; s1; :::; sn g which
must be progressedthrough in sequence.We assumethe
initial state of the world is s0 and the task terminates



when the world state sn is achieved. We de�ne correct
task execution to be the casewhere, for all task states
si 2 Ts, i < n the only actionsexecutedby any robot
arethosethat transitionthe world stateto si +1 . Therefore,
we de�ne an observation and action pair, x and a, to be
correctfor taskstatesi if P(si ; x; a; si +1 ) > 0. We assume
that an observation x and action a cannotbe correct for
more than one task state.The robotswe considerdo not
maintainany internalstateor representation;however, they
are capableof inter-robot communication.The set of all
possiblecommunicationmessagesa robot may sendand
receive is denotedby thesetC. Theactualcommunication
contentor mechanismof eachmessageis not important,we
only requirethat eachmessageis uniquelydistinguishable
andinstantaneouslyreceivedby otherrobots.For example,
in our implementationeachmessageis justauniqueinteger
broadcastover thewirelessnetwork connectingtherobots.
The communicationmessagea robot is currently sending
is denotedas cs . We assumea robot may receive any
numberof messagessimultaneously. Thesetof messagesa
robot is currentlyreceiving is denotedascr . Two functions
de�ne a robot's behavior in the world, known collectively
asthe robot's controller. The action functionAct(x; cr ; a)
speci�estheprobabilitya robotwill executeactiona given
it is currently observingx and receiving communication
messagescr . The communicationfunction Comm(x; c)
speci�es the probability a robot will sendcommunication
messagec given that it is currentlyobservingx. Although
the controller is modeledwith probabilistic functions to
maintain consistency with our other work, in this paper
thesefunctionsare treatedas deterministic,i.e., Act and
Comm will always returneither0 or 1.

IV. DACT-NOIS-COMM CONTROLLERS

In this section we presenta systematicprocedurefor
synthesizinga DAct-NoIS-Comm controller, a stateless
controller with deterministic action selection and inter-
robot communicationcapabilities. This entails de�ning
the robots action and communicationfunctions.We also
discussthe usesand limitations of suchcontrollersin the
facilitation of coordinationin MRS.

A. Synthesis

Therearefour high-level stepsin the synthesisprocess:
1) synthesizea baselineDAct-NoIS-NoCommcontroller,
2) identify situations in which communicationcan be
used to better facilitate coherentcoordination,3) assign
speci�c communicationmessagesto each of thesesitu-
ations, and 4) incorporatethese communicationassign-
ments into a DAct-NoIS-Commcontroller. The full syn-
thesisprocessis given by the procedureBuild DAct-NoIS-
CommController, shown at the bottomof Figure1.

Step 1: We synthesizea DAct-NoIS-NoComm con-
troller, which is simply a stateless,non-communicative
controller that we will augmentwith communicationto
synthesizethe DAct-NoIS-Commcontroller. The process
of synthesizinga DAct-NoIS-NoCommcontroller is given
by the procedureBuild DAct-NoIS-NoCommController,

(1) procedureBuild DAct-NoIS-NoCommController()
(2) for all a 2 A; x 2 X do
(3) Act (x; fg ; a) = 0
(4) endfor
(5) for all si 2 Ts do
(6) for all a 2 A; x 2 X s.t. (O(si ; x) > 0^

P(si ; x; a; si +1 ) > 0) do
(7) Act (x; fg ; a) = 1
(8) endfor
(9) endfor
(10) endprocedureBuild DAct-NoIS-NoCommController

(11) procedureBuild DAct-NoIS-CommController()
(12) Build DAct-NoIS-NoCommController()

(13) for all si 2 Ts do
(14) X c(si ) = f x0 ; x1 ; :::; xn g s.t. 8x 2 X c (si )@sk

(O(si ; x) > 0 ^ k 6= i ^ O(sk ; x) > 0)
(15) X a (si ) = f x0 ; x1 ; :::; xm g s.t. 8x 2 X a (si )9a

(O(si ; x) > 0 ^ Act (x; fg ; a) > 0^
P(si ; x; a; si +1 ) > 0)

(16) endfor

(17) GraphColor(
S

8 s i 2 Ts
f X c (si ) � X a (si )g)

(18) for all si 2 Ts do
(19) for all x 2 f X c (si ) � X a (si )g do
(20) Comm(x; Assig ned Comm(x)) = 1
(21) endfor
(22) c = fg
(23) for all x 2 f X c (si ) � X a (si )g do
(24) c = c

S
Assig ned Comm(x)

(25) endfor
(26) for all x 2 X a (si ); a 2 A s.t. (Act (x; fg ; a) = 1) do
(27) Act (x; fg ; a) = 0
(28) Act (x; c;a) = 1
(29) endfor
(30) endfor
(31) endprocedureBuild DAct-NoIS-CommController

Fig. 1. Procedurefor synthesizinga DAct-NoIS-Commcontroller.

shown at the top of Figure 1. For each si 2 Ts, the
synthesisprocedureaddsa rule to the action function of
the form Act(x; fg ; a) = 1, suchthat x and a are correct
for taskstatesi .

However, sucha DAct-NoIS-NoCommcontrollerleaves
room for error if x and a are correct for sometask state
si but thereexists anothertaskstatesj wherex anda are
not correctandO(sj ; x) > 0. In suchsituations,an MRS
composedof robotswith DAct-NoIS-NoCommcontrollers
cannotenforcethe action sequencenecessaryfor correct
task execution. This is a common problem with purely
reactive controllers in sequential task domains. In the
DAct-NoIS-Commsynthesisstepsthat follow, we incorpo-
rate the useof communicationto improve coordinationin
thesesituations.Due to sensingandactionuncertainty, the
addition of communicationcannotguaranteecorrect task
execution,but it canbe usedto increasethe probability of
correcttaskexecution.

Step 2: We de�ne a set of observationsthat will serve
as the basis of the DAct-NoIS-Comm controller's com-
munication function. For each task state si 2 Ts, we



de�ne a set of observations X c(si ) (Figure 1, lines 13-
16), the union of which can only occur in state si . We
also de�ne X a(si ), a set of observations such that, for
eachx 2 X a(si ), thereexists an actiona, wherex anda
are correct for si . We note that if 9si ; sj 2 Ts such that
f8 x(O(si ; x) > 0)g � f8 x(O(sj ; x) > 0)g, then the state
si is fundamentallyunobservable.In sucha situation,one
cannotguaranteethataMRScomposedof robotsexecuting
a DAct-NoIS-Commcontroller will correctly executethe
task,evenin theabsenceof sensingandactionuncertainty.

Step 3: We assignspeci�c communicationmessagesto
all observationsin f X c(si ) � X a(si )g for eachsi 2 Ts, as
de�ned in Step 2. The simplestsolution to this problem
is to assign a speci�c, unique communicationmessage
to eachobservation in this set. However, in many MRS
communicationbandwidthcan be quite limited (e.g., in a
MRS composedof autonomousunderwatervehicles),and
so it is advantageousto minimize thenumberof bits trans-
fered in eachcommunicationmessage;the more unique
communicationmessagesused,morebits in eachcommu-
nicationmessagewill be requiredto uniquely identify the
message.Furthermore,in someMRScommunicationis not
achievedthroughdigitized radio transmissionsbut through
other meanssuch as the releaseof chemicals,sound,or
light. In suchcases,the numberof uniquecommunication
messagesa robot is capableof sendingand receiving can
be very constrained.Therefore, to minimize the actual
number of unique communicationmessagesneeded,we
use a graph coloring approach. This step is not usedto
minimizethenumberof instancesin which communication
is used,which is decidedby theprocessin Step2. Although
graph coloring is NP-complete,there are a number of
well studied heuristics that provide understoodbounds
on resultingsolution quality [17]. Furthermore,the graph
coloring approachis desirablein many domainsto reduce
the number of unique messagesrequired, but it is not
absolutely required as the direct assignmentof unique
messagesto eachnecessaryobservation is suitable.

The problemof assigninguniquecommunicationmes-
sagesto agivensetof observationsO =

S
8si 2 Ts

f X c(si )�
X a(si )g can be reducedto a graph coloring problem as
follows. First, a graphG, consistingof a setof verticesV
anda setof edgesE, both initially empty, is created.Next,
a vertex is addedto V for eachobservation in O. Then,
we add edgesto E betweeneachpair of vertices in V
for which the associatedobservations interferewith each
other. The test for interferencebetweentwo observations
x i and x j is given by the function I (x i ; x j ) shown in
Equation1. Now a standardgraphcoloring algorithmmay
be applied to G in which the color assignedto a vertex
in V correspondsto a speci�c communicationmessage
assignedto theobservationrepresentedby thatvertex. The
function Assigned Comm(x) asusedin Figure1 returns
the communicationmessageassignedto the observation x
asa resultof the graphcoloring in that step.

I (x i ; x j ) =

8
>>>>><

>>>>>:

1; if 9s 2 Ts (O(s; x i ) > 0 ^ O(s; x j ) > 0);
1; if 9su ; sv 2 S9x 2 X a (sv )(O(su ; x) > 0^

x j 2 f X c (sv ) � X a (sv )g ^ O(su ; x i ) > 0);
1; if 9su ; sv 2 S9x 2 X a (sv )(O(su ; x) > 0^

x i 2 f X c (sv ) � X a (sv )g ^ O(su ; x j ) > 0);
0; otherwise.

(1)

Step 4: We synthesizethe DAct-NoIS-Comm controller
by augmentingthe DAct-NoIS-NoCommcontroller syn-
thesizedin Step 1. This is accomplishedby adding the
communicationfunction and appropriatelymodifying the
action function suchthat an action is not executedunless
all necessarycommunicationsare being simultaneously
received. Through the graphcoloring approachpresented
in Step3, a speci�c communicationmessagewasassigned
to each observation in the set f X c(si ) � X a(si )g for
each si 2 Ts. The controller communicationfunction
is constructed(Figure 1, lines 19-21) by adding a com-
munication rule for all x 2 f X c(si ) � X a(si )g for all
si 2 Ts of theform Comm(x; Assigned Comm(x)) = 1,
where Assigned Comm(x) is the speci�c communica-
tion messageassignedto the observation x in Step 3.
Such a communicationrule will causethe robot to send
the communicationAssigned Comm(x) every time the
observation x is made.The action function is modi�ed
(Figure 1, lines 22-30) so that for eachrule of the action
function, Act(x; fg ; a) = 1, wherex anda arecorrectfor
a statesi is modi�ed to becomeAct(x; cr ; a) = 1, where
cr is the setof speci�c communicationmessagesmapped
in Step 3 to the observations in f X c(si ) � X a(si )g. All
probabilitiesnot explicitly declaredfor the controller are
0.

B. Discussion

Due to imperfect robot action and sensingcapabilities,
there is no guaranteethat the synthesizedDAct-NoIS-
Comm controller will correctly execute the given task.
However, the use of a communicative controller leadsto
signi�cantly improved performanceover a similar non-
communicativecontroller, aswe demonstratein SectionV.
Importantly, the synthesizedDAct-NoIS-Commcontroller
is, however, guaranteedto correctlyexecutethe taskin the
absenceof sensingandactionuncertainties.

A DAct-NoIS-Commcontrollersynthesizedby the pro-
cedurein Figure1 is only one,andcertainlynot the only,
way in which communicationcan be used to facilitate
coordination.In fact, from a pragmaticstandpoint,a MRS
composedof robots executing such DAct-NoIS-Comm
controllers has many disadvantagesthat other forms of
communicative MRS may not exhibit. For example, the
ef�ciency of the MRS in termsof time to taskcompletion
will usuallybe quite poor, asmany eventshave to happen
simultaneouslybeforeactionscanbe performed.A part of
this problem stemsfrom the fact that DAct-NoIS-Comm
controllersarestateless.Allowing therobotsto retainsome
form of non-transientinternalstateor representationwould
likely improve the systemperformancein a number of



Fig. 3. (left) Snapshotof an 8-robot experimentin simulation.(right)
Snapshotof a 3 robot real-world experiment.

respects.However, from the perspective of identifying and
understandingthe fundamentalrequirementsof coordina-
tion, MRS composedof stateless,communicative robots
are quite interesting.By isolating the useof communica-
tion, analysisof suchMRS providesa meansto betterun-
derstandwhenandwhy communicationis ableto facilitate
coordinationandwhenit is insuf�cient. Knowledgeof the
limitationsof communicationhelpsidentify whenandwhy
the integrationof othercontrollerfeatures,suchasinternal
state,becomesnecessary.

V. CASE STUDY: COORDINATION IN MULTI-ROBOT

CONSTRUCTION

The formalism and synthesismethoddescribedin Sec-
tions III and IV-A, respectively, are task in-speci�c. In
this sectionwe apply the formalismandsynthesismethod
to a speci�c multi-robot constructiontask domain.Using
bothphysically-realisticsimulationandphysicalrobots,we
experimentallydemonstrateand validate our approachto
thesynthesisof coordinatedMRSthroughtheuseof DAct-
NoIS-Commcontrollers.This task requiresthe sequential
placementof a seriesof cubic coloredbricks into a planar
structure.For all examplesusedin this section,a brick's
color is denotedby the lettersR, G, B, andY which stand
for Red, Green , Blue , and Yellow , respectively. The
constructiontask startswith a seedstructure,which is a
smallnumberof initially placedbricks forming thecoreof
the structure.

Our simulation experiments were performed using
Player and the Gazebosimulation environment. Player
[9] is a server that connectsrobots,sensors,and control
programsover a network. Gazebo[12] simulatesa set
of Playerdevices in a 3-D physically-realisticworld with
full dynamics.Together, the two representa high-�delity
simulation tool for individual robots and teamsthat has
beenvalidatedon a collection of real-robotrobot exper-
imentsusing Playercontrol programstransferreddirectly
to physicalPioneer2DX mobile robots.In all simulation
experiments 8 robots were used, and in all real-robot
experiments3 robots were used.The robots were either
realisticmodelsof or actualActivMediaPioneer2DX mo-
bile robots.Eachrobot, approximately30 cm in diameter,
is equippedwith a differentialdrive, a forward-facing180
degreescanninglaser range�nder, and a forward-looking
color camerawith a 100-degree�eld-of-view and a color

Fig. 4. Exampleobservations and actionsin the constructiondomain.
(top left) Robot in position to make observation <FLUSH R B>. (top
right) Immediately after robot performs action <G RIGHT FLUSH R
B>. (bottom left) Robot in position to make observation <CORNERR
B>. (bottomright) Immediatelyafter robot performsaction<G CORNER
R B>.

blob detectionsystem.Thebricksaretaller thantherobot's
sensors,sotherobotscanonly sensethelocal brickson the
peripheryof the structure(i.e., robotsdo not have a birds-
eye view of theentirestructure).Figure3 shows snapshots
of our simulationandreal-world experimentalsetup.

A. Formal De�nitions for ConstructionTask

In order to cast the construction task in the formal
framework presentedin Section III, we now de�ne the
world, task de�nitions, observations,and actions for the
constructiontask domain.The world stateis de�ned as a
speci�c spatialcon�guration of bricks, including the color
of eachbrick. A constructiontaskis de�ned asa sequence
of brick con�gurations (i.e., world states),providing a
speci�c constructionsequence.Observations in the con-
structiondomainare madeup of the spatialcon�guration
andcolor of bricks in the �eld-of-view of the robot's laser
range�nder and color cameraand within an appropriate
rangeandbearing.Two categoriesof observationscan be
made.The �rst is two adjacent,alignedbricks.A situation
in which suchanobservationis madeis shown in Figure4
and is denotedas <FLUSH R B>. The secondis two
adjacentbricksforming a corner. A situationin which such
anobservationis madeis shown in Figure4 andis denoted
as <CORNERR B>. The observations <FLUSH R B>
and <FLUSH B R> constitutetwo different observations
in which the spatial relationship betweenthe Red and
Blue bricks are switched.A similar point holds for the
observations<CORNERR B> and<CORNERB R>. Due
to uncertaintyin sensing,the probability a given FLUSH
observation will be mistaken as a CORNERobservation is
1.1%andtheprobabilitya givenCORNERobservationwill
be mistaken asa FLUSHobservation is 11.5%.

Actions are the placementof individual bricks to the
growing structure.We do not considerconstructiontasks



Fig. 2. The sequenceof world statesde�ning a constructiontaskasseenfrom overhead(a view not available to the robotsin the MRS), from s0 to
s6 , left to right. The last stateprovides the color of eachbrick.

Action Function

Act(<FLUSH R B>, fg , <G RIGHT FLUSH R B>) = 1
Act(<FLUSH B R>, f c0 g, <Y RIGHT FLUSH B R>) = 1
Act(<FLUSH R G>, f c1 g, <B LEFT FLUSH R G>) = 1
Act(<CORNER G B>, f c2 g, <Y CORNERG B>) = 1
Act(<CORNER Y R>, f c3 g, <G CORNERY R>) = 1
Act(<FLUSH Y B>, f c0 g, <R RIGHT FLUSH Y B>) = 1

CommunicationFunction

Comm(<FLUSHR G>, c0 ) = 1
Comm(<FLUSHB Y>, c1 ) = 1
Comm(<FLUSHB G>, c2 ) = 1
Comm(<FLUSHG Y>, c3 ) = 1

TABLE I

SYNTHESIZED ACTION AND COMMUNICATION FUNCTIONS FOR THE

CONSTRUCTION TASK SHOWN IN FIGURE 2. c0 ; c1 ; c2 ; c3 2 C.

in which robotsmay remove bricks from the structurenor
thosein which sub-structuresconsistingof multiple bricks
may be connectedtogether. Other actions performedby
the robots, such as moving through the environment,do
not affect the world stateand are thereforenot explicitly
considered.Three categories of actionscan be executed.
The �rst is the placementof a brick on the right side
(from the perspective of the acting robot) of a pair of
adjacent,aligned bricks. The immediate result of such
an action is demonstratedin Figure 4 and is denotedas
<G RIGHT FLUSH R B>. Thesecondis identicalto the
�rst except that the brick is placedon the left side of a
pair of adjacent,alignedbricks. This action is denotedas
<G LEFT FLUSH R B>. The third is the placementof
a brick in the corner formed by two other bricks. The
immediate result of such an action is demonstratedin
Figure 4 and is denotedas <G CORNERB R>. Due to
uncertaintyin action,theprobabilityanattemptedCORNER
actionwill succeedis 78%andtheprobabilityanattempted
FLUSHactionwill succeedis 98.5%.

B. SynthesizedControllers

We applied our systematicmethod for synthesizing
DAct-NoIS-Comm controllers to the construction task
shown in Figure 2. The synthesizedaction and commu-
nication functions are given in Table I. As can be seen,
the graphcoloring approachfor minimizing communica-
tion messageswas able to reducethe numberof unique
messagesneededfrom 5 to 4. The reductionin this case
wasminimal asmany observationscanbe madein a large
proportionof the task states.However, this techniquecan
quite signi�cantly reducethe numberof uniquemessages
neededin many task domains.Figure 5 shows how the

(1) procedureExecuteDAct-NoIS-CommController()
(2) repeatforever
(3) x  currentobservation
(4) cr  communicationsbeingreceived
(5) if 9c(Comm(x; c) > 0) then
(6) sendcommunicationc with prob. Comm(x; c)
(7) executea randomwalk
(8) elseif obstaclenearbythen
(9) executeobstacleavoidance
(10) elseif 9a(Act (x; cr ; a) > 0) then
(11) executeactiona with prob. Act (x; cr ; a)
(12) executea randomwalk
(13) else
(14) executea randomwalk
(15) endif
(16) endrepeat
(17) endprocedureExecuteDAct-NoIS-CommController

Fig. 5. High-level controller integrating the synthesizedaction and
communicationfunctionsfor the constructiontaskdomain.

actionandcommunicationfunctionsareintegratedinto the
controller. SincetheAvoid andRandom Walk behaviors
do not changethe world state, they do not impact the
controller synthesisprocedure.The controllers for the
constructiontaskshown in Figure2 wereimplementedona
groupof 8 simulatedrobots.A total of 300simulationruns
wereconducted.As expected,dueto signi�cant uncertainty
in sensingand actions,eachtrial did not result in correct
taskexecution.Over the300experiments,correcttaskexe-
cutionwasachieved in 29.4%of the trials. This represents
a signi�cant improvement over the non-communicative
DAct-NoIS-NoComm controller, which resulted in only
0.9% of trials being correctly executed. We note that
if there was no uncertainty in sensingand action, the
synthesizedDAct-NoIS-Commcontroller would be gau-
ranteed to correctly execute the task, whereasno such
gauranteecouldbemadefor thenon-communicativeDAct-
NoIS-NoCommcontroller. For real-robotveri�cation of the
feasibility of thesynthesizedDAct-NoIS-Commcontroller,
we alsoimplementedit on a groupof threeactualPioneer
2DX mobile robots.A limited numberof real-world trials
were correctly executedwhich veri�ed the feasibility of
the DAct-NoIS-Comm controller in the real-world. We
emphasizethat the real-robotexperimentswereperformed
in order to show that our formalismandsynthesismethod
are not merely abstractconceptsbut successfullycapture
the dif�cult issuesinvolved in real-world embodiedMRS,
thus providing a groundedand pragmatic tool for the
description,synthesis,andanalysisof coordinatedMRS.

We note that our robots do not have the ability to



manipulatebricks in simulation or with physical robots.
To addressthis issuein simulation,when a robot wants
to execute a brick placementaction, it commandsthe
simulator to place a brick of a given color at a given
location relative to the robot's currentpose.In real-robot
experiments,we manuallyplacedthe appropriatebrick in
responseto therobot's command(e.g.,“Placeyellow brick
in thecornerformedby the red andblue bricks directly in
front of my position”).

VI . CONCLUSIONS

Thesuccessfuldeploymentof a task-achieving MRS de-
pendsoneffectivemechanismsfor coordinatingtherobots'
actionsand interactions.To date,demonstratedcoordina-
tion mechanismshave largely been designedin a task-
speci�c mannerwith little formal analysisof the funda-
mentalissuesinvolvedin MRS coordination.In this paper,
we presenteda formally-groundedmethodfor designing
coordinatedMRS. Speci�cally, we introduceda systematic
methodfor synthesizinga speci�c type of robot controller
we call a DAct-NoIS-Commcontroller, onethat is stateless
but capableof inter-robot communication.This controller,
executedby all robots in a MRS, achieves coordinated
execution of a given task. From the broaderperspective
of our over-arching researchgoal aimed at a formal in-
vestigationof coordination in MRS, the synthesisof a
coordinatedMRS with eachrobotexecutinga DAct-NoIS-
Commcontrollerprovidesinsight into how andwhy inter-
robotcommunicationcanbeusedto facilitatecoordination.
Throughexperimentalresultsin a multi-robot construction
domain, we have shown how the use of communication
cansigni�cantly improve MRS coordination.
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