M-ROSE:
A Multi Robot Simulation Environment
for Learning Cooperative Behavior

Sebastian Buck, Michael Beetz, and Thorsten Schmitt

Munich University of Technology, Department of Computer Science IX,
Orleansstr. 34, D-81667 Munich, Germany

Abstract. The development of high-performance autonomous multi robot control
systems requires intensive experimentation in controllable, repeatable, and realistic
robot settings. The need for experimentation is even higher in applications where
the robots should automatically learn substantial parts of their controllers. We
propose to solve such learning tasks as a three step process. First, we learn a
simulator of the robots’ dynamics. Second, we perform the learning tasks using the
learned simulator. Third, we port the learned controller to the real robot and cross
validate the performance gains obtained by the learned controllers. In this paper,
we describe M-ROSE, our learning simulator, and provide empirical evidence that
it is a powerful tool for learning of sophisticated control modules for real robots.

1 Introduction

The development of high-performance autonomous multi robot systems re-
quires intensive experimentation in controllable, repeatable, and realistic
robot settings. The need for experimentation is even higher in applications
where the robots should automatically learn substantial parts of their con-
trollers. For example, to improve the competence of our robot soccer team we
have learned a model for predicting the time needed to perform a given single
robot navigation task. To learn such a model with an expected inaccuracy
of less than three percent we had to collect data from more than 4600 nav-
igation episodes. Assuming that setting up and executing a navigation task
takes only two minutes, we would have had to spend more than 150 hours of
experimentation with the real robots. Obviously, this is not feasible.

We therefore propose to solve such learning tasks as a three step process.
First, we learn a simulator of the robots’ dynamics. Second, we perform
the learning tasks using the learned simulator. Third, we port the learned
controller to the real robot and cross validate the performance gains obtained
by the learned controllers. Using this method we can perform the learning
task mentioned above by collecting data from the real robots only for 6 hours
and then perform the learning task in 3 hours of simulation.

In this paper, we describe M-ROSE, our learning simulator, and provide
empirical evidence that it is a powerful tool for the learning of complex control
modules for real robots.



Robot simulation in general is a powerful tool for the development of
autonomous robot control systems because it allows for fast and cheap pre-
diction and makes experiments controllable and repeatable. Simulation allows
for the quick detection and diagnosis of software errors.

The use of robot simulators also yields a number of problems. For simula-
tion purpose time must often be discretized. Also, simulators typically work
in an abstract feature space and might therefore ignore key factors for the
robot behavior [11]. Others argue that simulated controllers are doomed to
succeed because of the design of the simulators [3]. As a consequence, software
that succeeds in simulation may fail on a real robot [4]. Accurate and nu-
meric simulations are typically extremely complex and expensive in terms of
computational resources and are thus performed by parallel and distributed
simulation [9,13]. Despite these problems a number of simulators have been
proven to be valuable resources in the development of robot controllers [8].

Multi robot simulation includes the simulation of sensing as well as the
simulation of motion dynamics. The simulation of motion maps the dynamic
state of the robot and a low level robot command into a successor state.
Sensor simulation maps the local surroundings and the sensor model into the
sensed data. A substantial amount of work has been done on either one or
both of these aspects: Lee et al. [12] generates an artificial neural network
based model of the environment within a simulator of a Nomad robot, to
learn an action model in a MDP framework simulators have been used [2],
and many experiments of the successful well known rhino robot [18] were
done in simulation. Furthermore the soccerserver [14] used in the RoboCup
Simulation League mimics some sensory and motion abilities of a human-like
soccer player. Another RoboCup simulator developed [10] is able to simulate
a large number of different sensors (infrared, bumper, camera, and laser)
while motion is simulated by directly using the values of translational and
rotational control commands to compute a new state.

While most of the above work concentrates on the simulation of sensors
while more or less neglecting the motion our main goal in this paper is an
accurate simulation of the robots’ dynamical behavior which becomes very
important in high-speed environments such as autonomous robot soccer. In
the RoboCup MidSize League abrupt changes in speed and direction are
as common as they are in a real soccer game. Our approach to simulating
changes in state in robotics involves neural learning from real robot data
and is, as we will show, easy extendable and highly qualified because of its
brilliant accuracy.

The remainder of this paper is organized as follows: In section 2 we will
describe our motion (2.1) and sensory model (2.3) followed by statistics to
document the accuracy (2.5). Section 3 shows the results of some successful
experiments done with real soccer robots whose behavior has been imple-
mented and learned in the simulator. Finally section 4 concludes.



2 Building a Multi Robot Simulation Environment

In addition to an accurate modeling of sensors and motion a multi robot
simulator should be able to simulate different kinds of robots with their re-
spective motion profile acting at the same time. A model of the robots’ static
environment as well as models of dynamic objects should be easy to inte-
grate. Furthermore it is essential that a high number of learning data can be
obtained in a reasonable period of time.

The main difference between our simulator and the RoboCup soccerserver

[14] is that we simulate a team of real robots while soccerserver simulates a
hybrid, in some aspects human-like, soccer player. Our team (the AGILO
RoboCuppers [1]) consists of four Pioneer I robots [15] who obviously have
several disadvantages compared with an agent of the soccerserver: They can-
not hold the ball if it does not come directly into their ball-guiding device
and path planning with real robots becomes more complicated than in the
soccerserver where the field is about 105 times 70 meters and a player has
a diameter of only 0.3 meters. Moreover the ball can go through a player
in soccerserver (if it is fast enough) and can be given a velocity vector by a
player having it in its kicking range. Teams like the Karlsruhe Brainstorm-
ers [16] have shown that in the soccerserver environment learning algorithms
perform excellent and a lot better than a human being controlling a player
with a joystick.
In addition to our Pioneer robots we started to extend our simulator by inte-
grating a model of our B21 robots which we use for indoor exploration tasks.
Before we describe the components of our simulator in detail we briefly point
out the major advantages of M-ROSE:

e The individual dynamic motion profile of a robot can be learned.

e The simulator is easy extendable and can combine the simulation of
robots with different dynamic motion profiles.

e Models of other objects (static and dynamic) or humans can easily be
integrated.

e Powers are modeled according to their physical rules.

e Step by step analysis and monitoring supports the development of control
software.

e Time lapse allows performing a great number of experiments in exiguous
time.

e The control software can either be linked with the simulator core or the
real robot.

2.1 Learning Models of Dynamic Behavior

In this section we describe how to learn a dynamic model of the motion
behavior of a Pioneer I robot. Models can similarly be learned for other
robots with the respective data at hand.



The dynamic state of the robot at a certain time 7 is given by the quintuple

Ci = (xiyyiaﬂoiamria‘/;‘oti) (]-)

where z; and y; are coordinates in a global system, ¢; is the orientation of
the robot and Vi, (Vyot;) are the translational (rotational) velocities. The
robot control system issues driving commands & = (V;, V3ot). The dynamic
model for the change in state from the current state (. to the successor state
Csuce used by the simulator is acquired by learning the mapping

Al X €W Couce (2)

from experience, that is recorded data from real robot runs. Our simulator
learns this mapping using a standard multi layer neural network [7] with
one hidden layer and supervised learning with the RPROP algorithm [17].
Considering the current state (. at z. = 0,y. = 0, and ¢, = 0 in a local
system we can reduce the input dimension to 4 by converting the succes-
sor state’s (Csuce’S) Tsuces Ysuces Psuce iNtO that local system (that means we
regard Az, Ay, Ap instead of Tsyces Ysuces Psuce):
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Using this mapping we have learned the dynamics of Pioneer I robots. During
data acquisition we have executed a wide variety of navigation scenarios
covering even abrupt changes in velocity and orientation to comply with the
requirements of high-speed navigation. We have collected a total of more than
100.000 training patterns from runs with a real Pioneer I robot. Although
the learning time took a few hours on a 800 MHz machine the computational
amount of the neural network while running the simulation is infinitesimal.

2.2 Considering Physical Properties

All robots are dealing more or less with a dead time which means that at the
moment a robot is performing a low level control command it has already
sent control commands (e.g. translational and rotational target velocity) for
further movements. In the case of Pioneer I robots the dead time is around
300 ms while the controller accepts ten commands per second. To consider
the dead time M-ROSE writes low level control commands in a queue and
waits a certain time before executing the commands.

Shapes of Objects and Environment The shapes of robots and any
other objects are modeled as polygons or circles (see fig. 1). The corners of
the polygon (radius of the circle) according to the objects reference point are
read from a shape-file. A Pioneer I robot is described by a polygon while a
B21 robot or a ball are regarded as a circle. The advantage of polygons and
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Fig. 1. Subfigure (a): Simulation of a B21-robot. All objects are drawn as filled
polygons or circles. The direction of the robot is indicated by an arrow. Subfigure
(b): Simulation of a RoboCup game with a Pioneer and a Nomad-shaped robot.

circles is that physical laws of nature can easily be applied to simulate for
instance the collision with a ball. However, one can go far deep into physical
simulation but we just consider the basic laws for collision and friction with
a tunable factor of random.

Furthermore M-ROSE can simulate a manipulator on a robot interacting
with an object. Currently this is done by analytic computation (position,
direction, and power of the manipulator must be specified in the respective
configuration file). But similar to the robots’ dynamics the movements of the
manipulator can be learned. For the description of the environment another
configuration file similar to the shape-file for robots exists.

2.3 Simulation of Perception

The sensor model used in our RoboCup simulations so far is a very simple one:
The robot receives his current state data with some simulated noise. Doing so
we assume that the sensors of our robots are almost perfect which obviously
is a wrong assumption. Therefore we are currently working on a more realistic
approach: In several RoboCup games we have recorded the “true”’ state of
a robot ¢ (given by a camera mounted at the ceiling of the room) and the
sensory data vector 1 in parallel. To achieve a realistic simulation of the
sensors we will learn the mapping

T:(w—7T. (4)

from a current robot state (. in the simulator to the current sensory data
vector 7. Experiments will show if Z is best represented by an interpolating
lookup-table, decision trees or neural networks trained with the recorded
data.
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Fig. 2. A comparison between the position data of a real robot and the data sim-
ulated by M-ROSE. Subfigure(a): A robot driving a jink around an obstacle. Sub-
figure(b): A robot driving an ellipse.

2.4 Extensibility

The M-ROSE system in general is able to simulate different kinds of robots.
Each robot to be simulated can be specified in a configuration file which
contains information about the names of the shape-file and the network-
file (which simulates the motion) of the robot. In future information about
the robots sensors (and Z in particular) will be included. The number of
robots possible to be simulated is infinite but, however, a large number of
robots (dependent on the computational power) will degrade the systems
performance with respect to real time simulation and time lapse.

2.5 Accuracy

Evaluating around 100 trajectories each ten seconds in length driven with
a real Pioneer I robot and not used for learning we found an average error
of 2% in the simulation of position and orientation. We believe that this
error largely results from the inherent indeterministic behavior of the robot
controller. This indeterministic behavior itself usually leads to an average
error close to one percent. After extreme navigation situations where the
translational velocity was set from full to zero and the rotational velocity
was set from zero to full (or both the other way around) sometimes an error
of up to 10% in orientation (position) occurred. These cases are probably the
hardest to predict at all and not very common in real robot navigation in
general. Figure 2 shows real robot and predicted data of the simulator in two
prevalent trajectories. Obviously the match of predicted and real robot data
looks satisfying. The remaining small errors in simulation are balanced by
the control software running at a frequency of 10Hz in real time.



3 Simulation Based Behavior Learning

After describing the simulation environment and regarding its accuracy we
now want to present some demonstrations of successful robot behavior which
was implemented in M-ROSE and works well on real robots. The examples
cover cooperative tasks (coordination of actions in robot soccer, path plan-
ning) as well as a difficult manipulation task.

To demonstrate the successful behaviors we give statistical results and addi-
tionally provide robot videos on our web page. So far all examples are related
to RoboCup.

3.1 Demonstration 1: Learning coordination

The first example shows how a cooperative behavior learned in M-ROSE
works on real robots. One of the key issues in RoboCup is the cooperative
coordination of the robots’ actions. Part of it is the decision which robot
of the team is to go for the ball. Considering the current dynamic states of
all robots of one team as well as orientation and velocity of the target state
near the ball, and additionally, the dynamic configuration of obstacles this is
no simple decision. To support this decision we have implemented a neural
projection P which maps start ({s) and target state ((;) of a robot to the
estimated time need to reach the target state considering the configuration
of obstacles and given a dynamic model of the robots motion (see [5] for
details):

P (s X ( —> time (5)

The robot r¢ assumed to be the fastest at the ball (of all robots R) is chosen
to go there:

ry = argminri ERP(CS (ri)7 Ct) (6)

This estimation is done by every single robot and consistent (1) in the simu-
lator (because the robots got information about their true states) and (2) to
a high extent in the real robot environment (because of our accurate visual
localization system). As mentioned in the introduction the amount for data
acquisition and learning was 9 hours while learning without simulation would
have taken more than 150 hours.

Results in a real robot environment To demonstrate the quality of the
coordination method implemented in M-ROSE we measure the number of
robots going for the ball at the same time. Further we observe how long
the same robot goes for the ball without any other robot going for the ball.
The data was acquired from five real robot games against different opponent
teams at the international robot soccer world cup 2001. The following table



depicts in how much percent of the whole time played none, one, and more
than one robot went for the ball.

#robots going for ball| quota in relation to
at the same time |the whole time played

0 00.34%
1 98.64%
>1 01.02%

The average time one robot goes for the ball or handles the ball without being
interrupted by a decision of a fellow robot is 3.35 seconds. Videos showing
typical decision situations are available at http://www9.in.tum.de/people/
buck/videos.html.

3.2 Demonstration 2: Learning to get the ball

Another challenging task in RoboCup so far is to remove a ball from the wall.
According to the rules of the RoboCup MidSize League it is not permitted
to grip or fix the ball. Thus the ball has to be removed from the wall by
carefully touching it without maneuvering the robot in a stuck situation at
the wall. Most of the teams participating in the RoboCup MidSize League
were not able to remove a ball from the wall in a controlled way by 2001.
Our approach to that task is hand-coded and implemented in M-ROSE.

All experiments and tests to im-
prove the performance and perfect
the ball handling at the wall were
done in the simulation environment.
The software that we have devel-
oped in M-ROSE worked instantly
on a real robot without any fur-
ther adjustments. The hand-coded
method to remove the ball from the
wall is based on the simple idea to
first approach the ball (see figure
3(a)) and then stop directly before
it (see figure 3(b)) and turn rapidly
towards the center of the field (see
figure 3(c)). Thereby the ball should
be touched by the outer part of the
robots kicking device to move it in-
side the field.

Fig. 3. A simple hand-coded method to remove a ball from a wall. The ball is
moved by an impulse of a rapid turn.



Real robot Behavior So far there are no detailed statistics on removing
the ball from the wall but in general it works on real robots. There are videos
available at http://www9.in.tum.de/people/buck/videos.html showing typical
situations where real robots take a ball from the wall in a controlled way.

3.3 Demonstration 3: Learning to choose the best planning
method

Another software module developed in M-ROSE is the path planner of our
RoboCup team. In this work, we propose to select problem-adequate naviga-
tion planning methods based on empirical investigations, that is the robots
should learn by experimentation (which is done in the simulator) to use the
fastest planning methods. The robots have learned predictive models for the
performance of different navigation planning methods in a given applica-
tion domain. A hybrid planning method that selects planning methods based
on a learned predictive model outperforms the individual planning methods
(statistics and detailed description can be found in [6]). All the learning data
was generated in M-ROSE and the hybrid planning method was implemented
in the simulator as well.

4 Conclusions

In this paper we propose a simulation environment for multi robot applica-
tion domains. The main contributions are an accurate, robot specific neural
simulation of robot motion and an easy extendable software environment.
The dynamic behavior is simulated by a neural prediction of changes in state
according to certain low level control commands.

The M-ROSE simulator addresses many key aspects of real robot behavior
including accurate motion models, dead times, collisions of objects, powers
of manipulators, shapes of objects, and extensibility. In contrast to most of
the previous work the main focus is set on the simulation of motion which is
most critical in high-speed scenarios such as RoboCup games. An accurate
simulation of the sensors is considered in our ongoing research and is expected
to greatly broaden the learning tasks that can be tackled and to improve the
learning competence of M-ROSE for real robots. The examples in section 3.1,
3.2, and 3.3 have shown that control software hand-coded as well as learned in
M-ROSE already leads to more than acceptable results on real robots which
we believe is to a large extent founded in the accuracy of the simulator. While
so far extensive simulations have been running with Pioneer I robots only the
motion behavior of other robots can and will be learned analogously.
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