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Abstract.  Applying multiagent systemsin real world scenariosrequires
some essetial researd questions to be answered. International chal-
lengesplay an important role in comparing di eren t approachesto these
questions. One such a challenge in this eld is RoboCup. In this paper
we focus on three of these researd questions: A shared world model
which estimates the global positions of objects in order to reduce the
uncertainty in the ervironment. It allows us to fuse obsenations made
by di eren t agerts and improve position estimates of eac agert. Second,
we show how coordination graphs can be applied to multi-rob ot teamsto
allow for e cien t coordination. Third, we presert work in the POMDP
framework for agert planning in uncertain environments, in which the
agert only receives partial information (through its sensors)regarding
the true state of environment.

1 Intro duction

In the future intelligent multiagent systemswill be deployed in real world sit-
uations, for instance, as servicerobots, transportation systems, exploration of
hazardousenvironments, homeland security and rescuein disaster scenarios[20].
The societal and economicalbene ts of building suc systemsare huge, while at
the sametime there are still important researt questionsto be answered before
these systemscan be applied. This requires the integration of many technolo-
giessud as mechatronics, control theory, computer vision, self-learning systems
and cooperative autonomous systems[11]. These agerts are \in telligent on-line
embedded systems" which are able to operate in human habited dynamic en-
vironments. Local intelligence and mutual communication make systemsrobust
to erroneousperception or malfunctioning of one or more robots.

How to evaluate these complex systemsis not an easyquestion. The current
trend to enablecomparisonof di erent algorithms is to make the data available
on Internet, apart from only publishing the results obtained from them in ar-
ticles. However, the evaluation of real world multiagent systemsis much more
complex. Simulation is certainly usefulin this respect, but real comparisonsre-
quire the deployment of systemsin real world scenarios.It has beendiscerned
that international challengesmay play an important role in those evaluations.
A challenge should be su cien tly rich sothat the di erent aspects of the prob-
lem are well represetied. Challengesshould not change every year but should



have a stable componert sothat ideasor even best algorithms can be adopted
by other competitors, ensuring that a rapid developmen takes place over the
yearsand incorporating all groups involved. An exampleis the DARPA Grand
Challenge:a race for autonomousground vehiclesthrough desert-like terrain. A
challenge formulated in multiagent collaboration is the RoboCup challenge [5,
10]: to have in 2050a team of humanoid robots playing a soccer match against
a human team. Robot soccer is quite represenativ e for the problems occurring
when multiagent systemsare applied in real world scenarios.There are a number
of possibly heterogeneougobots that have to work together toward a common
goal. The domain is cortin uous and dynamic, there are opponerts whosebehav-
ior will not be fully predictable. Another challengeis Robot Rescue:the seart
and rescuefor large scaledisasters, e.g., searding for survivors. It started asa
simulation project but now alsoinvolvesa real environment developed by NIST.

In section 2 we will discussthe RoboCup challengeand the topics addressed
in this challenge.Three of thosetopics are addressedn the successie sectionsin
more detail. In section 3 we will discussa distributed world model, which forms
the basisfor planning and learning to coordinate the multi-rob ot team. We con-
sider how the agerts can build and maintain shared models of the environment.
We have been studying the problem of robot localization, that is, how a robot
can nd its position in the environment under conditions of uncertainty in its
motion and sensormeasuremets. We are using particle lters for this problem.
Section 4 exploresthe framework of coordination graphs for solving multiagent
coordination problems in continuous environments such as RoboCup, as well
as how learning can be performed in sud settings. Section 5 addressesa sec-
ond problem, planning under uncertainty, and here we are investigating solution
techniquesfor partially obsenable Markov decisionprocessesFinally, section 6
wraps up with conclusionsand avernuesfor future developmerns.

2 RoboCup, a challenge for real world multiagen t
systems

In 1997 the RoboCup Federation organizedthe rst RoboCup competition in
Nagoya followed by yearly world championships[5]. RoboCup's main challenge
is to dewvelop a team of humanoid robots playing soccer that are able to defeat
the human world champion in 2050. Competitions in multiple leagueso er the
possibility to focusreseard on di erent aspects of this challengein the di erent
leagues. It involves dierent multidisciplinary topics which are re ected and
addressedin separateleagues:the simulation league,the small size league,the
middle size league,the leggedleagueand more recenly the humanoid league.

Small-size rob ot league The small-sizeleagueis played on an enlargedtable
tennis-sized eld. Each team consistsof v e small robots of about 15 cen-
timeters in diameter. A camera above the eld is usedto get a complete
view of the game, which is sert to the computers of the teams on the side
of the eld. From this image a world model is constructed using the color
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Fig. 1. Two RoboCup leagues:on the left the middle-size robots, on the right the
simulated soccer agerts.

coding of the ball and the di erent robots. Basedon this world model the
actions of the di erent robots are determined and sert to the robots by way
of wirelesscommunication. Sincethe world model is complete and quite ac-
curate researt focuseson robot coordination, team behavior and real time
cortrol.

Middle-size rob ot league The robots in the Middle-size leagueare about 50
certimeters (1.5 feet) in diameter, seeFig. 1 (left). They compete on a eld
of 10 meterslong and 5 meterswide. The objects are colour coded: the ball is
orange, the goalsare yellow and dark blue, the robots are black with a light
blue or pink hat, the eld is greenand the linesare white. The main di erence
with the small-sizeleagueis that there is no global vision of the eld. Visual
information is received from a cameraon board of ead robot. The robots can
communicate with ead other by way of wirelesscommunication. To create
cooperative team behavior robots have to know where they are on the eld
and self-localization is a key issue.Currently omni-directional vision systems
that give a 360 degreeview of the eld are usedby most teamsto facilitate
self-localization.

Sony Legged rob ot league Ona eld slightly largerthan the small-sizeleague,
teamsof four Sory AIBO's (the well-known robotic toy dogs)compete. These
robots walk on four legs,and arethusthe rst 'step' toward a leagueof biped
humanoid robots. Sinceevery team usesthe samerobots, the only di erence
betweenthe teamsis in the software.

Simulation league This lookslikeastandard computer game(seeFig. 1 (right)),
but the essetial dierence is that ead player is its own simulated robot,
driven by its own program. Each agert hasto decideon its own next move.
Becausesimulation freesthe researdiers from inherent physical limitations
of 3-dimensional robots as medcanical parts, wheel cortrol and other func-
tions, these screenplayers are able to perform on a far more advancedlevel.
They are able to interact and cooperate, even changing play strategiesfrom
defenseto o ense, or from forward to defender.A team consistsof 11 players,
ead of which can be either homogeneousor heterogeneousand has various
properties suc asdexterity and pace.Sincethere is only a limited amourt of



uncertainty in the information agerts receiwe, it is relatively easyto generate
a complete and accurate world model, comparedto the other leagues.This
enablesthe teamsto concerrate on cooperative team behavior and tactics.

Key topics represenied with the RoboCup challengeare

{ Robot dewvelopmert for the dierent leagues,with as nal goal a humanoid
robot capable of playing soccer.

{ Perception of the real world from a moving platform in a dynamic scenario.
This involvesboth self-localization and object recognition.

{ Communication and fusion of information obtained at di erent momerts by

di erent robots to create a dynamic model of the world.

Reactive behavior, to create the basic actions of the robot.

Planning to decidewhat actions are optimal in a given state.

Team coordination which involveslearning and opponert modeling.
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In the rest of this paper we will addressseeral of thesetopics.

3 Distributed shared world models

A SharedWorld Model (SWM) estimatesthe global positions of objects in order
to reduce the uncertainty in the environment [17]. It allows for the fusing of
obsenations made by di erent agerts and estimatesnew attributes suc asthe
speedof objects for extrapolation. This requiresead robot to accurately localize
itself, i.e.,to nd its most likely position given a sequenceof robot displacemerts
and obsenations. To create a distributed systemrobust in caseof failure of an
agen, ead agent computesthe SWM by itself. There is no certral control which
makesthe systemrobust. The disadvantage of this is that the SWM on eact agert
can dier dueto dierent order and time of arrival of the local world models.
The higher levels in planning and coordination should be robust against these
di erences.

In the RoboCup middle-sizeleaguethe obsenations mainly consistof camera
imageswhich are comparedto a model of the ervironment. We have taken an
iterativ e approach in which after eat displacemen and obsenation the proba-
bility distribution represering the uncertainty over the current position of the
robot is updated. This probability distribution is represened by a set of candi-
date positions of the robot which are called particles [16].

The SWM isrealizedby rst building alocal world model on eadh agert which
tracks the position of objects relative to the agert. Second,the local world model
is sert to all agerts, including itself, together with the agent's multiple position
hypotheses:its particles. Each agen then updates its SWM by projecting the
local world modelsit receiveson the global position of the agent which supplied
it. For this it needsto selectthe most likely position hypothesis of the other
agert and the certainty assaiated with this hypothesis. When no acceptable
match is found the local world model is discarded. Additionally , the SWM is
usedto improve the position estimate of eat agert. This is realized by building



on ead agen an additional SWM composedonly of local world modelsreceived
from other agerts. By matching the local world model of the agert with this
SWM, new position candidates can be deduced. These position candidates are
used, together with the position candidatesderived from the static objects (the
lines in the environments and the goals), to improve the position estimate.

In acommandand control setting a visualization and interaction environment
should incorporate the sharedworld model. This can be the SWM of ead robot
or a certralized variant in which all information is fused. The user can select
the robot he is interested in. The visualization will show the objects in this
robot's world model alongsidethe cameraimagesand localization uncertainty of
a robot. The visualization ervironment allows for human interaction and even
direct control of the robot, which could be preseried in downscaled form on
a PDA. We deweloped an interactive robot 3D visualization that gives a nice
overview and provides a great experimental ervironment. It has provided new
insights into the behavior and limitations of the current RoboCup Middle-size
software base[8].

4 Coordinating a multi-rob ot team

How can intelligent real world multiagent systemscooperatively solve a task?
A multiagent (or multi-rob ot) systemis a collection of agerts that coexist in
an ervironment and interact with ead other. We are interested in fully coop-
erative multi-rob ot systemsin which all robots sharea common goal. A shared
world model can facilitate the cooperation within sud robot teams. We have
shovn how to coordinate the actions of a multi-rob ot team by assigningroles
to the robots and applying a coordination graph to the problem [6]. Roles are
a natural way of introducing domain prior knowledge to a multiagent problem
and provide a exible solution to the problem of distributing the global task of
a team among its members. In the soccer domain for instance one can easily
identify seweral roles ranging from “active' or “passive' depending on whether
an agert is in cortrol of the ball or not, to more specialized oneslike “striker',
“defender’, ‘goalkeeper’, etc. Such an assignmenm of roles provides a natural way
to parametrize a coordination structure over a continuous domain. The intu-
ition is that, instead of directly coordinating the agerts in a particular situation,
we assignroles to the agerts based on this situation and subsequetly try to
“coordinate’ the set of roles.

One approad to e cien tly perform this coordination involvesthe use of a
coordination graph (CG) [2]. In this graph, eatd noderepresens an agert, and an
edgeindicates that the corresponding agerts have to coordinate their actions. In
orderto reach ajointly optimal action, a variable elimination algorithm is applied
that iterativ ely solvesthe local coordination problemsoneby oneand propagates
the result through the graph using a messagepassing scheme. In a context-
speci ¢ CG the topology of the graph is rst dynamically updated basedon the
current state of the world beforethe elimination algorithm is applied [3]. Figure 2
shows such an updated coordination for a typical RoboCup situation, wherethe



Fig. 2. Coordination graph for a typical RoboCup soccer simulation situation. On the
left a coordinated defenseis shown, and on the right an o ense maneuver is planned.

defenseand o ense of the gameare automatically separatedby conditioning on
the context: the location of the ball.

We applied coordination graphssuccessfullyin our RoboCup simulation team
by manually specifying both the coordination dependenciesand the assaiated
payo s using value rules [6]. This resulted in the world champion title in the
RoboCup-2003soccer simulation league,illustrating that sud a represenation
can capture very complex and e ectiv e policies.

Recerily we extended this work by allowing the agerts to learn the value
of the di erent coordination rules [7]. We have demonstrated how Q-learning, a
well known reinforcemen learning technique [15], can be e cien tly applied to
such multiagent coordination problems. In many problems agens only have to
coordinate with a subsetof the agerts whenin a certain state (e.g., two cleaning
robots cleaning the same room). We have proposed a multiagent Q-learning
technique, Sparse Cooperative Q-learning, that allows a group of agerts to learn
how to jointly solve a task given the global coordination requiremerts of the
system.

5 Robotic planning in uncertain environmen ts

As autonomous robots are being applied in more and more complex domains
the needgrows for tractable ways of planning under uncertainty. In order for a
robot to executeits task well in a real world scenarioit hasto deal properly with
di erent typesof uncertainty: a robot is unsure about the exact consequencef
executinga certain action and its sensorobsenations are noisy. Robotic planning
becomeseven harder when di erent parts of the ervironment appear similar to
the sensorsystem of the robot. In these partially obsenable domains a robot
needsto explicitly reasonwith uncertainty in order to successfullycarry out a
given task.

As sud this planning problem can be seenasa Partially Obsenable Markov
Decision Process (POMDPs) [4], with sewral applications in operations re-
seard [13], arti cial intelligence[4], and robotics [12,1,18]. The POMDP de nes
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Fig. 3. Delivery task in an o ce ernvironment. On the top left an example obsenation,
below the corresponding obsenation model, relating obsenations to states. The darker
the dot, the higher the probability. On the right example trajectories computed by
Perseus. Start positions are marked with and the last state of ead trajectory is
denoted by a 4 .

a sensormodel specifying the probability of observinga particular sensorreading
in aspeci c state, and a stochastic transition model which capturesthe uncertain
outcome of executing an action. In many situations a single sensorreading does
not provide enough evidenceto determine the complete and true state of the
system.The POMDP framework allows for successfullyhandling suc situations
by de ning and operating on the kelief state of a robot. A belief is a probability
distribution over all states and summarizesall information regarding the past.
Solving a POMDP now meanscomputing a policyli.e., a mapping from belief
statesto actions|that maximizesthe average collected reward of the robot in
the task at hand. Such a policy prescribesfor every belief state the action that
maximizesthe expected reward a robot can obtain in the future.

Unfortunately, solving a POMDP in an exact fashionis an intractable prob-
lem. Intuitiv ely speaking, looking one time step deeper into the future requires
consideringeat possibleaction and ead possibleobsenation. A recert line of
researt on approximate POMDP algorithms involvesthe use of a sampled set
of belief points on which planning is performed (seee.qg., [9]). The idea is that
instead of planning over the complete belief spaceof the robot (which is in-
tractable for large state spaces),planning is carried out only on a limited set of
prototype beliefsthat have beensampledby letting the robot interact with the
ernvironment. We have deweloped along this line a simple randomized approxi-
mate algorithm called Perseusthat is very competitiv e to other state-of-the-art
methods in terms of computation time and solution quality [14,19].



We applied this approac to an o ce delivery task involving a mobile robot
with omnidirectional vision in a highly perceptually aliasedo ce ervironment,
wherethe number of possiblerobot locationsis in the order of hundreds. Figure 5
(left) shawsthe o ce ervironment, together with oneof the omnidirectional cam-
eraimages.We have shovn how Perseuscan be applied to suc robotic planning
problems. Robots typically have to deal with large state spaces,high dimen-
sional sensorreadings, perceptual aliasing and uncertain actions. We de ned a
mail delivery task in which a simulated robot hasto deliver mail in ano ce ervi-
ronmert. We usedPCA to project the omnidirectional cameraimagesthe robot
obsenesto a low-dimensional space,in order to able to handle them e cien tly.
The POMDP requiresa discrete obsenation space,thuswe perform clustering in
the projected spaceto extract obsenation prototypes.We have shown our algo-
rithm can successfullysolve the resulting POMDP model. Figure 5 (right) plots
two example tra jectories. They shav the computed policy directs the robot to
rst move to the pickup states, pick up the mail, and then move to the delivery
locations in order to successfullydeliver the mail.

6 Conclusions and future developments

In this paper we have reported on researti on seweral aspects of cooperative
real world multiagent systems.In this eld robot soccer can be seenas a real
scienti ¢ challenge,which is represetativ e for the application of real world mul-
tiagent systemsin practical dynamic situations. robot soccer competitions form
a platform to comparedi erent approacesto these problems and to evaluate
them in practice.

We preseried three of these problems. First the shared world model of the
robot, which fusesobsenations from di erent robots and improves their posi-
tion estimates.We preseried our researt on coordination within teamsof robots
which focuseson the use of coordination graphs [6] and extendedit by allowing
the agerts to learn the value of coordination rules [7]. We described our algo-
rithm for planning in ervironment in which a robot is unsure about the exact
consequenceof executing a certain action and in which its sensorobsenations
are noisy [14].

At the momert we are working on the following directions: First, we study
anytime algorithms for multiagent action selection in coordination graphs, in
particular algorithms that involve distributed message-passingechniques. Sec-
ond, we conduct experimerts to determine the usefulnessof humans interacting
with the team of robots through visualization in improving the accuracy of the
shared world model. Finally, we are planning to extend our work on e cien t
POMDP algorithms to multiagent teams.
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