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Abstract— In this paper we address tasks for multirobot
teams that require solving a distributed multi-agent planning
problem in which the actions of robots are tightly coupled.
The uncertainty inherent in these tasks also necessitates
persistent tight coordination between teammates through-
out execution. Existing approaches to coordination cannot
adequately meet the technical demands of such tasks. In
response, we have developed a market-based framework,
Hoplites, that consists of two novel coordination mechanisms.
Passive coordination quickly produces locally-developed so-
lutions while active coordination produces complex team

solutions via negotiation between teammates. Robots use the

market to efficiently vet candidate solutions and to choose
the coordination mechanism that best matches the current
demands of the task. In experiments, Hoplites significantly
outperforms even its nearest competitors, particularly in
the most complex instances of a domain. We also present
implementation results on a team of mobile robots.

I. INTRODUCTION

In this paper, we address tasks that have significantly
more complex constraints between robots and, conse-
guently, require significantly more complex coordination
between team members. Consider a team of robots tasked
with exploring a hazardous environment. To minimize
robot loss, we impose the constraint that no teammate may
be stranded without communication access to some base
station. A robot would have to plan an exploratory path
that has at least one link with the base station at all times,
perhaps with the assistance of its teammates. In cluttered
environments, teammates may need to traverse complex
paths simultaneously to provide communication service to
all members of the group. Accomplishing this task within
the imposed constraints can require extensive planning of
future interactions between teammates.

The gallery monitoring and security sweep domains also
require such complex coordination. In the former, robots

Researchers frequently employ multirobot teams to commonitor a complex environment to ensure that certain
plete tasks that cannot be accomplished by a single roboéxhibit wings are continuously observed while others are
such as carrying heavy objects or moving in formation.periodically checked for intruders. The task may also
These tasks usually require a very high degree of corequire that robots handle on-line monitoring requests, fo
ordination between team members throughout executiomstance, if suspicious activity has been detected in aa are

because the actions taken by one team member significantijhe robots must plan coordinated monitoring sequences
constrain the actions available to others. For instancepwh that satisfy the constraints of the task. In the securityegwe
two robots carry a box, they are constrained to remaiiomain, robots sweep an area suspected to contain mobile
within a certain distance of each other so they do nokdversaries. The robots must determine and execute in
drop it. Because of uncertainty in the environment, sensorgoncert those paths through the environment that maximize
and actuation, each robot must frequently reevaluate itthe likelihood of detecting all adversaries.

actions within the context of its teammate’s simultaneous Accomplishing these tasks requires a coordination mech-
actions. We call this close coupling between robtigt  gnism that provides:

coordination . A .
. : « tight coordination: We say that robot#d coordinates
Although robots must tightly coordinate, the responses with robot B if it considers the state o when

they have to each other’s activities are typically simple, selecting its own actions. Further, we say that this

con_5|stent, and require little planning pecaqse the con- coordination igight if A considersB’s state at a high
straints imposed by these tasks are fairly simple. When .
frequency throughout execution.

moving in formation, a robot knows a priori the position

it ought to maintain relative to its teammates. So, when *
its teammate moves, the robot can easily compute its own
heading and velocity. When carrying a box, robots can
adopt leader-follower roles and use a similar technique.

planned coordination: We say that a robotl plans
its coordination with robotB if at some timet it
anticipates the interactions it will have witB at a
later timet’.

. ) ) As we discuss in Section Il, no existing system addresses
*The authors would like to thank Marc Zinck and Boris Sofman for

their contributions to the robotic experiments. This worksvemonsored
by the U.S. Army Research Laboratory, under contract “Rako€ol-
laborative Technology Alliance” (contract number DAAD12-2-0012).
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these requirements sufficiently. We have developed a new
market-based framework that facilitates the sophistitate
coordination that is necessary between team members. We
have named our framework “Hoplites” after the ancient
Greek infantrymen who specialized in tightly-coordinated



maneuvers. Hoplites couples planning with two coordinastructures which is not realistic to the demands of many
tion mechanisms: one emphasizes speed while the othapplication domains. Secondly, since tight coordination i
emphasizes solution quality. Robots use the market ttheir approach can only occur through centrally developed
vet candidate solutions and to employ the coordinatiorplans, tightly coordinating more than a few robots becomes
mechanism that best fits the immediate needs of the tasktractable.
We describe Hoplites in detail in Section Ill. We have Of all the prior work, we believe that Stroupe’s MVERT
applied Hoplites to the security sweep domain, which wgl1l] is the most promising coordination framework for
describe in Section IV, and we extensively compare itsaccomplishing tasks like security sweeping and constdaine
performance to those of existing coordination frameworksexploration. MVERT is a behavior-based framework in
in Section V. Our results demonstrate that Hoplites sigwhich robots choose their next actions based on the ex-
nificantly outperforms its competitors. We further valiglat pected next actions of their teammates. Thus, MVERT
Hoplites on a team of mobile robots. We conclude infacilitates planned coordination for very small time-step
Section VII with a discussion of future work. Like most behavior-based approaches, MVERT is fast, fault
tolerant, and can operate under uncertainty. It also has
) ) virtually no communication needs and can also be applied
For brevity, we focus our attention on research thag, non-decomposable tasks. However, MVERT’s one-step
deals specifically with planned and tight coordination injgokahead causes robots to behave myopically in tasks that

multirobot teams. A comprehensive review of related Workrequire long-term planning. We discuss MVERT further in
can be found in our earlier technical report [1]. Section V-B.

Emergent coordination strategies are most common for \we haye found no system in the literature of multirobot
facilitating tlgh_t coordination in multirobot team_s._ Theye  cgordination that adequately provides both planned and
based on the idea that coordinated group activity can SUggnt coordination as required by the constrained explo-

cessfully emerge from a collection of simple but carefully- ration, security sweep, and gallery monitoring domains. We
tailored individual activities. Accordingly, coordinati in  pgjieve that Hoplites fills this gap.

robot teams is a byproduct of robots following a set of rules
that map sensor data and robot states to particular actions IIl. HOPLITES

or behaviors. Robots can choose actions very quickly The difficulty of the aforementioned domains varies
and with minimal computation since the rules are simplepetween instances of the domain. For example, a cluttered
Tight coordination is possible because a robot can responghvironment is more challenging than an obstacle-free
quickly and in a prescribed manner to the actions of itsenvironment that permits full network connectivity and
teammates. By the same token, coordination is limited t@isibility. Also, by having redundancy in both visibility
interactions that can be simply expressed, making suchnd connectivity, the same task is easier for a team of
approaches insufficient in domains that require advancefifty robots than a team of five robots. The difficulty of a
planning of complex interactions between robots. task can also vary within a single instance of the domain,
Emergent approaches to tight coordination are prevalerfbr example, if some parts of the environment are more
for formation control in multirobot teams [2], [3] where complex than others.
robots maintain the relative headings and distances explic The philosophy behind Hoplites is that team members
itly stated in the formation definition. They have been usedshould adapt their coordination strategy to the changing
for simple box pushing tasks [4], quality of service tasksdemands of the task. In simple situations, the team can
[5], and loosely-constrained exploration tasks [6]. work faster if team members make decisions more lo-
Planned coordination is most often provided by  cally and coordinate via a mechanism that is light on
tentional approaches in which robots communicate anthoth communication and computation. However, harder
coordinate their efforts explicitly. By sharing resoureg&l  scenarios may require more complex interactions between
information, robots consider each other’s contributions t teammates which, in turn, require a more complex coor-
the task and plan better team solutions. Almost alwaysgination mechanism. Hoplites is a market framework that
however, planned coordination is limited to allocating andconsists of “passive” and “active” coordination mecharism
scheduling discrete, partially-ordered subtasks in whiclor easier and harder problem scenarios, respectively. When
tight coordination is absent [7], [8] or restricted to un- passively coordinating, robots quickly react to each csher
planned, simple interactions [9]. These approaches canngktions and influence each other implicitly. When actively
be readily used in domains such as security sweeping thabordinating, robots try to influence each other’s actions

do not permit discrete task decomposition. explicitly by buying and selling complex team plans over
As an exception, Gerkey et. al. [10] use a stochastic hillihe market.

climbing approach to plan actions for very small groups of

robots. The centralized planning for small teams is analo®- Market Frameworks

gous to the team plan subcomponent of Hoplites which we In market frameworks [12], robots model an economy in

discuss in section IlI-C. Unlike Hoplites, their approachwhich individuals act out of self interest. Each task a robot

is not scalable to large teams. Firstly, it requires perfectompletes generates for it some revenue, which reflects
information about teammates and the sharing of large dataow the task affects the team’s proximity to the goal. It

Il. RELATED WORK



also requires some cost expenditure from the robot, whiciis teammates that reflect the financial compensation they
reflects the amount of team resources the robot consumedquire before they will abandon their existing plans and
to complete the task, such as fuel or network bandwidthadopt the proposed team plan. If the marginal benefit of the
Robots trade tasks through auctions and negotiations to wiream plan Profit(picam ) — Profit(pmax)) IS greater than
the tasks that generate the greatest profit, defined as eventhe cost of the team plafm(+ ... 4 ¢,,), then the robot bids
minus cost. This exchange of tasks simultaneously result®r its teammates’ participation. In this way the benefits of
in lower cost solutions for the team. the proposed plan are explicitly weighed against the costs.
Market frameworks have all the benefits of distributedIf the teammates accept, they are bound by contract to
approaches including robustness, speed, and flexibil@l [L complete their portions. Once finished, the team members
[14], [15]. Resources permitting, they can also be morgevert to a passive strategy and continue on their own.
centralized to produce better solutions [16]: a robot carProfitable team plans minimize team cost by redistributing
plan a more cost-effective task distribution for part of motivations and resources over larger portions of the team
the team, bid on the tasks, and use the cost savingmd guide the team towards more effective solutions.
between the two distributions to purchase team members’
participation. This distribution is profitable for that mtb D. Framework Details

and also produces a better team solution. Several aspects of Hoplites deserve further explanation.
We briefly discuss a few key points here and have provided
a comprehensive discussion in our technical report [1].

In Hoi)rllltest,hrobotsl act'g n ?hself—mt;erest?td tr)rllar;neli; h(t)xv ~ 1) Choosing Coordination StrategiesVe want a robot
ever, rather than selécting the most prohitable tasks, the expend time generating a team plan only when one is

select the most profitable plans. A robot first generateﬁkely to result in a better, more profitable solution. Uik

& Set Peandidate Of p!ans that are ppssﬂ;?le in the envi- resource consumption, which is typically independent of
ronment. It ther_l estimates the p_rofltablllty of Efa(:h_pl"mother robots’ actions, constraint violations must often be
Pi € Peandidate In the context of its teammates’ actions . e through active coordination. Consequently, atrobo
and the enercr)nment using fgnctlor}% : A — R and passively coordinates until it expects that its best plah wi
C A._’ R™ that map actions to revenue and COSt}be less profitable specifically due to constraint violatjons
respectively. Once the robot has chosen its most pro then, it actively coordinates with its teammates.

itable planpqa, |t_brpadcast§3,,,m to its teammates. Its 2) Planning: In order to develop a team plan, a planner
teammates use this information to reevaluate the expected

profitability of their current plans, update the plans, andmuSt tractably search joint action spaces. The Hoplites

broadcast these changes back. In this way robots’ planni ftamework does not specify a particular algorithm; the

: . . : . nﬁ’ght choice depends upon the domain, the number of
cycles iteratively incorporate the most recent infornmatio

. : ) . robots, and the importance of optimality. To plan in high-
about teammates’ intentions. As we demonstrate in Sectiop. . )
) L g imensional spaces, we recommend and use algorithms
V, passive coordination alone can be effective in many,

) . . at sacrifice optimality for speed such as Probabilistic
environments where the correct actions are obvious to a . .
robots. oadmaps (PRMs) [17] and Rapidly Exploring Random

Trees (RRTs) [18].
C. Active Coordination 3) Commitments Between Teammaté#e want a robot
In difficult environments, a good solution may require to be committed enough to fulfill the agreements made with

that teammates simultaneously perform complex coordiother robots, while still having the flexibility to abanddas i
nated actions. These actions are oftégh-risk That is commitments if new information indicates that they will be

if executed by all teammates, the actions will be very prof_less beneficial to the task than anticipated. We require that
itable. However, with only partial participation, the ats ~ 'OPOtS are bound to a team plan except when they can nego-
can be unprofitable. In contrasew-risk actions will reap tiate breach-of-con_tract terms. These ter_ms are repastio
some rewards for a robot independent of it teammates’ ac '0bot must pay its teammates before it will be released
tions. When passively coordinating, a robot cannot directlyToM its commitments; they can include opportunity and
influence or guarantee its teammates’ actions. Without S€Placement costs incurred by the teammates. In this way,
commitment strategy, passively coordinating robots pass uthe value of an existing commitment is explicitly weighed
high-risk actions for low-risk ones that are less profitable?d@inst the value of other opportunities; the most protabl
and correspondingly suboptimal, trapping the team in locaPPtion is adopted.

minima.

The active coordination mechanism can be used to
escape such local minima and is related to the idea of “lead- We have chosen to demonstrate Hoplites in a security
ers” developed by Dias and Stentz [16]. When a robot'ssweep domain in which robots with a limited sensor range
best individual plamp,,... is only marginally profitable, it sweep a cluttered environment for mobile adversaries. The
develops a team plap;..., that consists of actions its aim is to sweep the area as quickly as possible, moving
teammates could take that would make its own actionsrom a start location to a goal location, while detecting
more profitable. It then requests price quoies.q, from  any adversaries that could be hiding in the environment.

B. Passive Coordination

IV. THE SECURITY SWEEP DOMAIN



Robots |- ' .l - |- .l - +y direction generates revenue proportionalXq,../n,
B Obstacle " m " m giving preference to direct routes from = 0 to y =
. [ ] . .
[ Visible Area - om -1 m Yimae- A robot incurs costs proportional to the amount of
——  Perimeter - -, time it takes and the distance it travels to complete the
Segment | @ = T W M task. This encourages the robot to complete the task in
Break ettt I a timely manner and discourages it from taking winding
() (b) paths. A robot is only penalized for breaks in the two

. . . , segments adjacent to it; it incurs a penalty for each step
Fig. 1. An illustration of the security sweep taska) A sample room that break . | t fails t -
to be swept. (b) Secure (B and D) and broken (A and C) perimeter a rga S a previously-secure segmgn or f”“ S 10 repair
segments. a previously-broken segment. A relatively high penalty

encourages robots to expend both time and energy to

_ _ o _ _ _ take paths that keep the perimeter intact. A lower penalty

This t_ask has obvious app_llcanonS in the fields of securityencourages robots to traverse the environment quickly,
surveillance, and reconnaissance. permitting breaks when they are difficult to avoid. We

The security sweep domain is related to the domain ofyould prefer the former in a security mission and the latter
pursuit evasion, in which one or mopersuersmust find all  in a stealthy reconnaissance mission.

theevaderghat are moving in an environment [19]. Nearly ) )
all of the work on pursuit evasion is aimed at developingB' lllustration of Hoplites
geometric algorithms for different instances of the domain Hoplites significantly improves the team’s performance
and does not address dynamic coordination in multirobotn the security sweep domain by facilitating active tight
teams. We provide a review of this work in our technicalcoordination between several robots. Consider a team of
report [1]. four robots performing a very thorough sweep. In the
Figure Xa) is a sample room of dimensionk,,,, x simple environment in Figure (), each robot initially
Y,naz CONtaining twenty obstacles. The robots (marked aselects a straight path”(;) as its best action, marked
circles) begin in a line at the bottom of the room=£ 0) by solid arrows. When a robot receives its teammates’
and have no prior knowledge of the number of obstacles oihtended trajectories, it still finds that its current forda
their locations. Their task is to sweep the area with theipath is most profitable. In one step, the team converges to
sensors as they move to the top of the rogm=(Y;,.,).  the optimal plan using only passive coordination.
The line of sight between the robots forms the forward However, with the addition of a second obstacle (Figure
perimeter of the sweep. The area behind this line (shaded #b)). this approach produces a suboptimal solution. The
light gray) has already been swept while the area ahead ofliecal environments of3, C', and D have not changed, so
is unswept. Robots must move in a way that minimizes théhey still initially choose the same straight path as before
blind spots along this line that would allow a foe to enterHowever,A must now choose between following the dotted
undetected into the swept area. We refer to these blind spop&th P42 or continuing with pathP,;. Both options have
asbreaksin the perimeter. Robots must coordinate to avoidthe same penalties fot in terms of perimeter breaks. K
breaking the perimeter as they traverse highly cluttere@hoosesP4;, B will not face a penalty and will continue
environments. following Pg;. If A choosesP4s5, B will have to make a
We restrict the adversaries to the open space; this ighoice betweenPs; and Pp2. Now, B will be forced to
comparable to a team of robots sweeping for vehicle§hoosePp; to keep the perimeter intact between itself and
among a cluster of buildings. We also assume that obstacle$ and avoid a large penalty. Indeed, the optimal solution
are rectangular and oriented along theandy axes. This is for A and B to follow P42 and Ppa, respectively.
makes it easier for robots to detect and model obstacles. Unfortunately, using a passive coordination stratedy,
Complex obstacles such as arbitrary polygons make thgh00sesP4; over Paz. Although P4y and P42 have the
mechanics of the sweep more complex but do not increasg@me number of breaks in the perimetey, has larger
the complexity of the coordination required. time and distance costs, so it is overall more costly than
Figure Xb) illustrates the definition of a perimeter break. Pa1. Even if A determines that following>4> might cause
SegmentsA and C are broken because they intersect ob-B to follow Pg,, it cannot guaranted’s actions. So,A
stacles that would shield an adversary from view, enablinghooses the low-risk pati4;, over the high-risk pattfa»,
it to enter the secured area undetected. SegmBnémd  resulting in a suboptimal solution for the team.
D are not broken because all of the free space along the The active coordination mechanism produces the optimal

segments is observable by at least one robot. solution. During planningA finds that it will incur a min-
imum cost ofC,, due to penalties from perimeter breaks.
A. Revenue and Cost It searches for a team plaR, 3 that would decrease this

A robot receives revenue proportional to its progressost (Pap = {Pa2, Pp2}). A then requests a price quote
across the environment. With robots sweeping an en- @, from B for P,g. This quote reflects the additional cost
vironment of dimensionsX,,,.. X Y.z, €ach robot is ( to B for taking Pgs instead of its default patfrg;. We
responsible for sweeping an imaginary corridor along theexpect that, since the penalty for perimeter breaks is highe
y-axis of width X,,,,../n. Consequently, each step in the than the costs of consuming resoura@swill be less than



C, and A will have a profit marginM = C, — Q, = Robot
C, — Cy. A can then offerQ, to B to offset its cost and > Incentives

. - . HEE Obstacle
pocket)M as its own additional profitd could further offer  —— e area
part of M to B if B had competing alternatives #B,4. ——— Robot Path
Now, B will find that it can do at least as well as it would Altemative Path
have with Pgq, so it will accept the offer. In the pursuit of
larger profits via the market, the team arrives at the optima

solution.

Hoplites also enables the active coordination of severa
robots in a chain. In Figure(2), we add a third obstacle to
the environment. Although this changésand C’s local (b)
environments, it does not create any breaks in their defaullig. 2. simple examples motivating active coordinatiota) An
pathsP*l. Consequently, they will initially choosf,; as environment where passive coordination sufficgb) An environment
in the previous environments. Also as before, orlyaces requir_ing _active coordination. (c) An environment requiring active

T . . . . coordination between several teammates.
a break in its perimeter. However, unlike in Figurébl
B’s price quote@, for P4p will be much higher than
before becaus#g, will cause breaks betweeB and C V. SIMULATION EXPERIMENTS AND RESULTS
and caus&’, to be much higher. Indeed, these breaks will e performed experiments in simulation comparing our
be more costly than the breaks betweénand the wall jhjementation of Hoplites on the security sweep domain
since the obstacle betwee and C' is larger than the (5 three other frameworks. Firstly, the original MVERT
obstacle betweenl and the wall. SoC, will be larger  framework [11] developed by Stroupe served as our base-
thanC, and A will be unable to bid forB’s participation.  |ine for comparison. Secondly, we compared Hoplites to

However, B can generate the team plaRzc =  Wo further-improved versions of MVERT, which we call
{Pps, Pco} and request a quot@, from C that reflects P-MVERT and PC-MVERT. We also implemented Hoplites

the added cosf.. of taking Pe» instead ofP-;. We expect 0N a real robot team (Section VI).
C. to be small since’c2 only constitutes a small change A Frameworks for Comparison

in C’s plan and does not create any perimeter breaks for . L

C iﬁthz context ofPg¢. Thus, upon )r/erc):eiving),:, B can 1) MVERT: MVERT_[_ll] is an emergent _coordmatlon

evaluate its new cost) that is the cost of taking?s framework that was originally used for foragmg and.track-

instead of P, when C' simultaneously take®. It can ing tasks for r.obot teams. In MVERT, a robot first est|mate_s

then send tod a new price quot&)’, — C! + Q.. Again, the next acyon of every other.team member. Then, it

we expect that” + C', will be less lEhaan <o will be  Chooses for itself the action that is most valuable given the
b ° “ expected contributions of the team in the next time step.

have a profit margiml/ = C, — Q, =C, — (C} +C.). A ) L
will then offer Q| to B which, in turn, will offer Q. to C. E;(i::nrobot repeats this procedure of selecting its next best

Both B andC find that they can do at least as well as they . . .
would have with their original paths, so they will accept We believe that MVERT is the most appropriate ap-
roach to use for comparison for two reasons. Firstly it can

the respective offers. Here, the system is able to find thg : .
e applied to tasks that have strong constraints between

more complex optimal solution via the market. ; . -
robots. As Stroupe notes, “The potential applications of

As shown in this example, Hoplites makes it possibleMVERT include any tasks that can be represented by
to efficiently coordinate several robots. Firstly, plaruin some computable mathematical function” [11]. Secondly,
occurs through a series of linked plans (el4p and in contrast to other emergent approaches, it allows robots t
Ppc), so a single agent does not have to plan for glan their coordination by anticipating each other’s fatur
large number of robots. Secondly, the utility of a planactions. Stroupe demonstrates that MVERT outperforms
(e.0. Qy, and Q.) is evaluated locally, so robots can use other approaches on several domains specifically because
more accurate local information to generate more accuratef this feature. Consequently, we believe that MVERT is
cost estimates. Thirdly, by combining a series of price'best in class” and thus is appropriate for comparison to
quotes (e.gQ)), robots can concisely transmit the costsHoplites.
and benefits of a collection of plans. This means that robots 2) P-MVERT: MVERT has the obvious disadvantage
can investigate different solutions to the same problemn; ththat robots act myopically and cannot recognize a perimeter
most cost effective one is naturally adopted in the marketbreak until it is unavoidable. We have improved MVERT
Thus, a robot (e.gA) can benefit from and even cause to allow extended planning to a horizén> 1, resulting in
and pay for the coordination between its teammates (e.gvhat we have dubbed “P-MVERT” for Planning MVERT.
B and C) without ever being aware that the coordinationA robot generates a set of candidate plans for itself and
occurs. In this way, the needs of one part of the teanits teammates. It chooses for itself the plan that has
can be transmitted to and met by other parts of the tearthe highest expected profit given a uniform distribution
transparently and efficiently. over the set of teammates’ options. We do not permit a




more informed distribution to ensure that the performancepproach, respectively. The primary cause of run failure
difference between P-MVERT and MVERT is strictly a is that occasionally, a few robot processes will fail to
product of extended planning. attach to a network port, thereby causing failure in the

3) PC-MVERT:In PC-MVERT (Planning and Commu- initialization sequence. We did not rerun trials because
nicating MVERT), robots communicate their plans. So,of time constraints (each run takes approximately five
robots use their teammates’ intended actions to evaluaminutes). We have excluded these runs from the results.
and select their own plans. PC-MVERT is identical to the B is the mean of the total number of perimeter breaks

passive coordination mechanism in Hoplites. incurred by the team, SEM is the standard error of

this mean, and Rel is the number of perimeter breaks

) i . . _ incurred by the current approach relative to the previously
We tested our approach in a graphical simulation of fiveisieq approach. This measure reflects the team’s ability to

robots tasked with clearing an environment. We generategerform a secure sweep. is the mean of the computation

twenty environments of siz€00 x 200 units, each with  tie in seconds spent by a single robot, SEN6 the
twenty obstacles. The obstacles were randomly placed andanqgard error of this mean, and REls the time taken
had randomly chosen dimensions ranging from5 units  py the current approach relative to the previously listed
to 15 x 15 units. An example environment is Shown in gnnr0ach. It includes the time spent planning individual
Figure Xa). We ran each approach on each environment team paths, updating map information, communicating
fifty times. . state information, and negotiating with teammat@ss the
The robots had no prior knowledge of the number ofyean of the distance in units traveled by a robot, SEM
configuration of the obstacles in the environment. They tha standard error of this mean, andRé the distance

were equipped with simulated 360aser scanners with ayeled by a robot in the current approach relative to the
a range of 200 units to provide sensory information a%yreviously listed approach.

they moved. Furthermore, each robot functlpned asanin- o improvement in performance between MVERT and
dependent software agent. Robots communicated via UDB_

; o .P-MVERT reinforces the idea that this domain requires
and were therefore subject to the speed and fidelity of this . .
L . . planning. The sequence of good local solutions created
protocol. Lastly, in simulation, we prescribed that a robot

. o y MVERT’s one-step lookahead does not add up to a
moved at a rate of one unit per second; this roughly scale . . . .
. good global solution. Naturally, this planning results m a
one map unit to one meter.

. . increase in computation time. It also results in an increase
To make the domain challenging, we wanted robots P

: . I in the distance traveled since robots will take longer paths
to perform a sweep in which security is of the utmost . : ) .
. o round particular obstacles to avoid breaking the perimete
importance. Specifically, we encouraged robots to trave

up to fifty additional units to avoid breaking the perimeter. N PC-MVERT and P-MVERT, robots use the same
We penalized a robat500 for each step that either broke algc_)rlthm to generate the set of candidate paths through the
a previously-secure perimeter segment or failed to secure&Vironment. In P-MVERT, robots can only guess which
previously-broken perimeter segment. In contrast, we only?! these paths will be most profitable. However, in PC-
charged the robo$5 per unit of time required to traverse MIVERT, robots know precisely what their teammates will

the environment and5 per unit traveled. Each robot also °€ doing. Because this information results in a significant
received$40 (a fifth of the room’s width) for each unit MProvementin the performance of the team, we can infer
it moved towards the far end of the environment. So, if gthat knowing teammates’ actions enables robots to choose
robot moved from locatior(zo, yo) at time ¢ o (., y,) correctly f_rom those_ pa_ths._Thls corrob_orat_es our cl_alm tha
at time ' via a path{(zo, 40), (x1,41)s- - + (T, yn) }, itS planned tlghf[ coord|nat|pn is essential in this domamp,AIs
profit p was computed by: an increase in communication results in a decrease in com-

putation time because a robot no longer needs to generate

B. Simulation Details

p = 40(yn —_%/1) Revenue  ,n4 then evaluate an entire set of plans for its teammates:
=500 37;" Broken(zi,yi, Ti41,Yi+1) Penalty  instead, it can rely on the plans they broadcast. Finally,
=5 Z?;ol V(@i = 2i11)? + (i — yir1)? Distance  there is effectively no change in the distance traveled by
=5(t' — ) Time the robots since both approaches generate candidate paths

where Broken(a, yi, 2411, yi+1) is a function that returns 1N the same way.

1 if the perimeter broke during the transition afibther- Itis the performance improvement between PC-MVERT

wise. and Hoplites that most interests us. It substantiates our

_ ) claim that passive coordination alone may trap robots in
C. Results and Discussion local minima, but, by developing team plans and actively

Table | summarizes the performances of MVERT, P-influencing each other’s actions, the team can avoid many
MVERT, PC-MVERT, and Hoplites. We measure perfor- of these pitfalls. The results also demonstrate that, tiftou
mance in terms of the total number of perimeter breaksthe market, Hoplites provides a powerful mechanism that
the planning time spent by a single robot, and the distancallows robots to intentionally work together to find better
traveled by a single robot. The first and second columns lissolutions. There is an increase in computation time since
each approach and the number of successful runs for eacleveloping team plans involves planning through high-



TABLE |
A COMPARISON OF THE PERFORMANCES OF THE FOUR APPROACHES USINBREE METRICS THE NUMBER OF PERIMETER BREAKS CAUSELB),
THE PLANNING TIME IN SECONDS SPENT BY A SINGLE ROBOTT’), AND THE DISTANCE IN MAP UNITS TRAVELED BY A SINGLE ROBOT(D).

Algorithm Runs|| B | SEMgz | Rely T | SEMz | Rels D SEMg | Rely \
MVERT 963 || 41.9| 0.43 - 12.1| 0.29 - 195.8| 0.5 -
P-MVERT 973 || 22.4| 051 | 054 | 29.2| 1.72 | 2.41 || 200.4| 0.53 | 1.02
PC-MVERT || 957 86| 020 | 0.39 | 20.1| 0.36 | 0.69 | 198.8| 0.54 | 0.99

Hoplites 966 55| 0.15 | 0.63 || 289| 0.90 | 1.44 | 2086| 1.44 | 1.05
CrmweE of improvement is significantly larger in more difficult
| environments. Specifically, suppose we divide the environ-

ments into two sets of ten, split into an “easy” set and
a “hard” set based on PC-MVERT'’s performance. Then,

1|  the number of perimeter breaks incurred on the easy set
m | H H | Hq m |HW wﬂl WW ML H 1| by Hoplites relative to PC-MVERT is 0.76 as compared
ol B 1 R0 B L BB LT e, WU o, to 0.54 on the harder set. This difference exists in some

part because there is simply more room for improvement
e when PC-MVERT performs poorly than when it performs
1 well. However, it is more importantly due to the design of
1 Hoplites. Active coordination between robots can require
i extensive computation and create very complex interastion
between robots. This complexity is most justified and most

beneficial in correspondingly complex situations.
°GBZWWEMMMMMMthm

S VI. IMPLEMENTATION ON ROBOTS

Fig. 3. The performances on individual environmentétop) The We implemented Hoplites on a team of Pioneer 1I-DX
number of perimeter breaks caused by MVERT, P-MVERT, PC-MVERT robots equipped with SICK LMS 200 laser range finders

and Hoplites on individual environments ordered by numbgyottom) ; ; ; ;
The number of perimeter breaks caused by PC-MVERT and Hoplitesthat provide 180 fields of view. Robots planned using

on individual environments, ordered by increasing compjesitror bars ~ ONly their Ioc_al maps. E_aCh robot Was_locally contr_olled
have been left out for clarity. and communicated with its teammates via 802.11b wireless

Ethernet. We borrowed much of the supporting low-level
controls and sensing from the TraderBots implementation
dimensional joint action spaces. There is also an increadsy Dias et. al. [16].
in distance traveled since the team plans that prevent Figure 4 shows a sequence of images from a sweep
perimeter breaks are usually long and more complex thaperformed by three team members in ax7 10 meter
the plans generated by P-MVERT and PC-MVERT. environment that contained two large obstacles. This en-
The results in Table | combine the performance of thevironment was consistent with the example environment
approaches over all the environments. In contrast, Figurshown in Figure gb). As we described in Section I1V-B, the
3(top) presents the relative performances of each of théeft-most robot actively coordinated with the center robot
approaches on individual environments. It is clear fromto complete the sweep without breaking the perimeter. The
the data that both planning and communication improvedeam completed this task in under two minutes.
the performance of MVERT. More interestingly, we ob-
serve that the effect of enabling active coordination diffe VII. CONCLUSIONS
between environments. In this paper we present Hoplites, a sophisticated market-
We would like to examine specifically how the effects based coordination framework that explicitly addresses
of passive and active coordination change as we makglanned tight coordination in multirobot teams. Hoplites
environments more and more challenging. However, itonsists of two novel coordination mechanisms; passive
can be difficult to determine by inspection alone whichcoordination quickly produces locally-developed solnsio
environments are more complex than others. We use thghile active coordination produces complex team solutions
performance of PC-MVERT as a measure of complexityvia negotiation between teammates. Hoplites is the first
Figure 3bottom)compares the performance of PC-MVERT market-based approach to operate in domains requiring
and Hoplites. Environments are ordered by decreasing petight coordination. Robots use the market to efficiently
formance of PC-MVERT which correlates with increasingvet candidate solutions and also use market indicators to
environmental complexity. choose the coordination mechanism that best matches the
First, note that Hoplites outperforms PC-MVERT in current demands of the task. Our simulation experiments
nearly every environment. More importantly, the margindemonstrate that Hoplites is best in class, significantly



Fig. 4.
coordination begins between the left and center robots enttiird frame, where the center robot chooses to move to thefldfie center obstacle.
This experiment was performed in the Newell-Simon Atrium atrn@gie Mellon University.

outperforming even improved versions of its competitors. [8]
We also validated Hoplites on a team of mobile robots ]
performing a security sweep task.

In the immediate future we plan to develop more ad-
\mmwnwmbmnmdemepmmwbmbwamwio
commitments between teammates to changes in both the
environment and the needs of the task. We will also apply11]
Hoplites to other domains such as constrained exploration
and the gallery monitoring problem. This will further
validate our approach and enable us to strengthen differefi2]
aspects of Hoplites.

[13]
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