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Abstract. The main focus of the Brainstormers’ effort in the RoboCup
soccer simulation 2D domain is to develop and to apply machine learning
techniques in complex domains. In particular, we are interested in applying reinforcement learning methods, where the training signal is only
given in terms of success or failure. Our final goal is a learning system,
where we only plug in “win the match” – and our agents learn to generate the appropriate behavior. Unfortunately, even from very optimistic
complexity estimations it becomes obvious, that in the soccer simulation
domain, both conventional solution methods and also advanced today’s
reinforcement learning techniques come to their limit – there are more
than (108 × 50)23 different states and more than (1000)300 different policies per agent per half time. This paper outlines the architecture of the
Brainstormers team, focuses on the use of reinforcement learning to learn
various elements of our agents’ behavior, and highlights other advanced
artificial intelligence methods we are employing.
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Introduction

The Brainstormers project was established in 1998, starting off with a 2D team.
Ever since we have been participating in RoboCup’s annual soccer simulation
tournaments. Over the years, the Brainstormers Tribots (competing in RoboCup’s
MidSize league since 2002) and the Brainstormers 3D (soccer 3D simulation,
2004–2006) expanded the Brainstormers team. Our work has been accompanied
by the achievement of several successes such as multiple World Vice Champion
titles and the World Champion titles at RoboCup 2005 in Osaka (2D) and 2006
in Bremen (MidSize).
The team description paper at hand focuses on the Brainstormers 2D, our
team competing in soccer simulation’s 2D league. The underlying and encouraging research goal of the Brainstormers has always been to exploit AI and machine
learning techniques wherever possible. Particularly, the successful employment
of reinforcement learning (RL) methods for diverse elements of the Brainstormers’ decision making modules has been and is our main focus as shall be detailed
in the subsequent sections.

1.1

Design Principles

The Brainstormers 2D rely on the following basic principles:
– There are two main modules: the world module and the decision making
module.
– Input to the decision module is the approximate, complete world state as
provided by the soccer simulation environment.
– The soccer environment is modelled as a Markovian Decision Process (MDP).
– Decision making is organized in complex and less complex behaviors.
– A large part of the behaviors is learned by reinforcement learning methods.
– Modern AI methods are applied wherever possible and useful (e.g. particle
filters are used for improved self localization).
1.2

The Brainstormers Agent

The decision making process the Brainstormers Agent is based upon is inspired
by behavior-based robot architectures. A set of more or less complex behaviors
realize the agents’ decision making as sketched in Figure 1. To a certain degree this architecture can be characterized as hierarchical, differing from more
complex behaviors, such as “no ball behavior”, to very basic, skill-like ones,
e.g. “pass behavior”. Nevertheless, there is no strict hierarchical sub-divisioning.
Consequently, it is also possible for a low-level behavior to call a more abstract
one. For instance, the behavior responsible for intercepting the ball may, under
certain circumstances, decide that it is better to not intercept the ball, but to
focus on more defensive tasks and, in so doing, call the “defensive behavior”
delegating responsibility for action choice to it. With the intention to make a
contribution to the entire soccer simulation community – in particular, to new
teams for which, as is known, it is difficult to overcome basic problems, such as
developing a reliable world model or basic skills – our team’s source code has
been made publicly available and can be retrieved from our team web site1 .
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Current Research Efforts

After having introduced the basics on the Brainstormers’ competition team, we
now want to give some particulars on the use of machine learning, and particularly reinforcement learning, approaches to enhance our team’s capabilities.
A more comprehensive review of our efforts on utilizing neural reinforcement
learning methods in the scope of the Brainstormers 2D can be found in [1].
2.1

Improved Skill Learning

As mentioned before and detailed in previous team description papers [2], many
of our team’s basic skills have been implemented using reinforcement learning
approaches. These skills can be described as single Markov decision processes
(MDP). Among others we currently have learned solutions for the following lowlevel behaviors: intercepting the ball, going to a specific target position, kicking
the ball with desired velocity and kick angle, 1-versus-1 situations, running free
(in attack play mode), dribbling, passing, and scoring.
From a scientific point of view it is appealing to develop techniques to realize
big parts of the agents’ behavior by using machine learning methods. From a
competition point of view, however, it is also important to not lose track of
searching for nearly optimal, and thus highly competitive solutions. So, in a
recent work we developed an analytic, hand-coded routine for ball interception
which outperformed our own RL solution by about 8.5% regarding the average
number of steps to intercept the ball and which is near to the theoretical optimum
(see [3] for more details on the problem of ball interception). In [4] we report
on the results of an empirical study comparing different approaches to valuefunction approximation for the task of ball interception.
Motivated by this incitations, we recently started re-implementing the corresponding RL learning approach (the problem comprises a six-dimensional continuous state space), figuring out a high potential for improvements to the learning
approach, and finally superseded our old neural net-based learned solution by
about 6.0% (see [5] for more details). This, admittedly, does not completely reach
the quality of the analytical solution, but supports the following two arguments:
First, it is usually not too complicated too yield a behavior/policy of good or
even high quality using RL. But, second, in many cases (particularly, when tackling real world problems of higher complexity, as in this case) significant effort
is necessary in order to obtain learned solutions that come near to or even reach
the optimal solution and, hence, are competitive.
2.2

Entrapment Identification

It is well-known that in 2D soccer simulation harder kicks must be composed of
a number of elementary kick commands. Thus, to really kick hard, as required
for long passes or for scoring, usually an elaborated sequence of n kick commands must be applied, where during the first n − 1 kicks the ball is moved and
accelerated within the player’s kickable area and where the nth kick is used to

Average Length of Kick Sequence

bring the ball to its final desired velocity. Of course, time matters: The shorter
the kick sequence, the better, as otherwise opponent players may more easily
interfere. The Soccer Server adds a substantial amount of noise to ball movements (up to 5% per time step) and to kicks (up to 10% per kick). Therefore, in
what follows, we consider a kick sequence successful, if the resulting kick velocity
differs less than 0.2 m
s from the desired velocity and if the angle of the resulting
π
ball movement differs less than 12
from the specified kick target direction.
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Fig. 2. The charts oppose the kicking capabilities of our learned NKick behavior (originating from 2001) and the re-learned neural kicking routine for a test suite of 5000
situations starting from which the agent had to perform kicks with different target
velocities.

Our learned kick routine (developed in 2000/2001, see [6]) outperformed existing heuristic kicking approaches clearly and was not replaced by a classical
or analytical solution method during the subsequent years. Despite its reliability and good performance during tournaments, we uncovered a weakness of our
neural-net based kicking behavior NKick in the scope of an evaluative case study.
When executing kick sequences to reach a final kick velocity of approximately
75% of the maximal kick velocity2 , NKick featured slightly reduced performance.
To counteract we re-implemented the kicking learning algorithm making use of
T D(1) reinforcement learning and applying the same learning methodology as
2

Given current standard parameter settings of the Soccer Server, the maximal ball
.
velocity, and hence the maximal velocity a kicked ball may reach, is 2.7 m
s

in the case of learning to intercept a ball (see above). The resulting kick behavior relies on five neural networks that are specialized to different target kick
velocities. Testing our learning results we confirmed that the performance gap
mentioned could be closed while at the same time the kick accuracy could be
increased by up to 6% (see Figure 2).
2.3

Reinforcement Learning of Team Strategies

One of our main research interest currently lies in the field of multi-agent Markov
decision processes (MMDP). Learning a team strategy can be described as such a
MMDP with individual learners. As already stressed in [6] there is no guarantee
that an optimal strategy is learned in such a case. In this section we describe
the learning algorithm that was used to learn the positioning of players without
ball and also the actions of the player with ball. For more details we refer to [7].
The key idea behind this approach is to learn a central value function V (s)
for all players that describes how desirable a situation is. In other words, V (s)
is a mapping from a state s to a value in [−1, 1]. A value close to 1.0 indicates
that this situation is close to success (goal), a value near −1.0 means that it is
very probable to loose the ball in that situation.
In our approach a situation consists of ball position and velocity plus the
position of all attacking teammates and all defending opponents. The number
of teammates and opponents that are used in the state representation for the
value function has to be fixed beforehand.
The learning is done in epochs. In the beginning the value function is initialized randomly so the players pursue a random strategy. Now the players play
according to that strategy until five successful trajectories have been collected. If
a trajectory was unsuccessful (e.g. loss of the ball) it is also stored. An example
set E consisting of situations and rewards is generated from these five successful
plus maximal five unsuccessful trajectories.
The terminal state sn of a trajectory gets a reward of 1.0 (V (sn ) = 1.0) if it
is a successful terminal state and a reward of −1.0 (V (sn ) = −1.0) otherwise.
The reward of the other states in the trajectory depends on the distance from
the terminal state. Let s1 , ..., sn be the states encountered on a trajectory. The
value of these states is then computed by:
V (si ) = decay (n−i) ∗ V (sn )

i = 1...n − 1

(1)

The parameter decay ∈ (0, 1) determines to what extent early states along the
trajectories are responsible for the outcome of the trajectory. This idea is similar
to the eligibility traces used by T D(1).
The states together with the values are then used to train a function approximator. In our implementation we used a neural net that was trained with
a variant of the backpropagation algorithm called RPROP ([8]).
The resulting net is then used in the next epoch to evaluate the different
actions of a player. The action selection for a single player is done by generating
an appropriate set of possible actions that the player could execute. The state

after applying each of these actions is predicted using a model of the environment. The successor states are then evaluated using the value function and the
best action is selected by choosing the corresponding action that leads to the
successor state with the highest value.
The action set of a player that owns the ball can be arbitrarily put together
by selecting different types of actions like passes, dribblings, kick-and-rushes and
so on. In our current implementation we use the following action types:
– passes directly to a teammate
– passes that a teammate can intercept before the opponent
– dribblings in one of three directions
This approach is very flexible and it is very easy to use new types of actions. The
only thing that has to be done is to implement a model of the environment that
predicts the successor state for these actions. The model for all of these actions
assumes that the opponents don’t move, only the teammates that are involved
in the action are modelled. One could also think of a model that predicts the
opponents behavior, but this would restrict the learned strategy to opponents
that follow that modelled behavior. Therefore it is better to assume nothing
about the opponents, to be able to generalize to unknown opponents.
The action set for a player without the ball is very simple and consists only of
moving to different positions relative to the current player position. To prevent
the players from moving arbitrarily on the field, we use the concept of home
positions and home areas.
A player without ball can choose from the following actions (Actions that
would move the player out of his home area are not allowed):
– go in one of eight directions from current position
– go to one of eight positions around the players home position
– go to home position
One limitation of that concept is that each acting players only considers its
own action set to search for an optimal action. Theoretically a player would
have to consider the joint action set a = (a1 , ..., an ) of all attacking players. As
already mentioned in [6] this problem can be solved if the underlying MMDP is
deterministic (see also [9]). As the soccer server environment is non-deterministic,
one could change the soccer server to provide a deterministic environment and
then hope that the optimal solution in this environment also works in the nondeterministic case. But as the action set size increases exponentially with the
number of agents, this solution is intractable in practice.
2.4

Balancing Deliberativity and Reactivity

There are two fundamental approaches to realize autonomous agents: the reactive
and the deliberative approach. A purely reactive agent receives some input via
its external sensors, processes it and produces an output. On the contrary, an
entirely deliberative agent has its own internal view of its environment and is

thus able to build and follow its own plans, aiming to reach some specific goal
state. In practice, it is, however, desirable to have a hybrid agent that represents a
mixture of the former ones [10], being able to follow its own plans, but sometimes
directly reacts to external events without deliberation.
The Brainstormers agent can be characterized as some hybrid agent with an
accentuation on its reactive side. Although following that paradigm is suitable
for the soccer simulation environment, it also has its drawbacks: Under certain
circumstances, it can be advantageous to reduce reactivity, thus abandoning a
short-term improvement of the current situation (e.g. getting into ball possession
during the next simulation cycle), and to aim at a long-term profit instead.
A typical example in robotic soccer simulation is the problem of overcoming
the opponents’ offside line: For the attackers, who are assumed to be in ball
possession, it is difficult to get ahead, if the defenders position themselves in a
line and in so doing employ the offside rule in their interest. A reactive approach
would most probably tend to repeated safe passes among teammates until, eventually, a “gap” in the opponents’ defending line appears. This strategy, however,
is deemed to last for a rather long time, if the opponent defense is competitive.
Consequently, a goal-oriented behavior, which accepts losing the ball in case of
failure but most likely improves our team’s current situation significantly in case
of success, seems promising.
Having this in mind, one of our current efforts aims at enhancing the Brainstormers with a set of more deliberative behavior strategies. So, for example, we
target to overcome the opponent offside line by using an explicit, cooperative
two-player behavior, which is based on communication between the players involved and on accurate timing. One of the inherent difficulties we have to face
here, is the specification of start conditions under which the behavior will most
likely produce good results. For this task we developed a probability model that
reflects the probabilities that the strategy to overcome the offside line is successful. Here, we discretized the space of viable starting situations for the behavior,
performed sample runs for varying parameter settings over that grid and that
way generated training examples representing exemplary success probabilities.
Using these, we then trained a neural network in a supervised manner in order
to apply them for the determination of critic behavior-specific parameter values
(e.g. target velocity and angle of the final pass when overcoming the offside line)
which most likely yield highest success rates. During testing, the success rates
predicted by the net for the use of behavior-specific parameters have shown to
feature an average error of about 7% only. Furthermore, it became obvious that
in half of all standard scenarios, in which two of our attackers tried to cooperatively overcome the opponent’s offside line, a parameter setting could be found
for which the success probability is higher than 50%. Using these numbers, it is
not difficult to infer and implement a suitable strategy for pushing ahead.

3

Summary

In this team description paper we have outlined the characteristics of the Brainstormers team participating in RoboCup’s 2D Soccer Simulation League. We
have stressed that our main research focus lies on the development of reinforcement learning techniques and their integration into our team. Currently, we
are particularly interested in extending RL approaches to multi-agent scenarios
(team play) as well as in advancing the quality and accuracy of learned behaviors
to be equal or superior to hand-coded ones.
In 2002, we started a MidSize team, the Brainstormers Tribots, that shall
stress the usefulness of learning techniques in a real robot team. For us, it is of
particular interest to investigate methods to bridge the gap between simulated
and real soccer-playing robots. Currently, a lot of interesting learning tasks have
already been solved on the real robot. An overview about our attempts on using
reinforcement learning for autonomous robots with focus on RoboCup’s MidSize
league as benchmark is given in [11] and [12].

References
1. Riedmiller, M., Gabel, T.: On Experiences in a Complex and Competitive Gaming
Domain: Reinforcement Learning Meets RoboCup. In: Proceedings of the 3rd IEEE
Symposium on Computational Intelligence and Games (CIG 2007), Honolulu, USA,
IEEE Press (2007) To appear.
2. Riedmiller, M., Merke, A., Meier, D., Hoffmann, A., Sinner, A., Thate, O., Kill,
C., Ehrmann, R.: Karlsruhe Brainstormers - A Reinforcement Learning Way to
Robotic Soccer. In Jennings, A., Stone, P., eds.: RoboCup-2000: Robot Soccer
World Cup IV, LNCS. Springer (2000)
3. Stolzenburg, F., Obst, O., Murray, J.: Qualitative Velocity and Ball Interception.
In: KI 2002: Advances in Artificial Intelligence, Twentyfifth Annual German Conference on AI, Aachen, Germany (2002) 283–298
4. Gabel, T., Riedmiller, M.: CBR for State Value Function Approximation in Reinforcement Learning. In: Proceedings of the 6th International Conference on
Case-Based Reasoning (ICCBR 2005), Chicago, USA, Springer (2005) 206–221
5. Gabel, T., Riedmiller, M.: Learning a Partial Behavior for a Competitive Robotic
Soccer Agent. KI Zeitschrift 20 (2006) 18–23
6. Merke, A., Riedmiller, M.: Karlsruhe Brainstormers - A Reinforcement Learning
Way to Robotic Soccer II. In Birk, A., Coradeschi, S., Tadokoro, S., eds.: RoboCup2001: Robot Soccer World Cup V, LNCS. Springer (2001) 322–327
7. Riedmiller, M., Merke, A.: Using Machine Learning Techniques in Complex MultiAgent Domains. In Stamatescu, I., Menzel, W., Richter, M., Ratsch, U., eds.:
Adaptivity and Learning. Springer (2003)
8. Riedmiller, M., Braun, H.: A Direct Adaptive Method for Faster Backpropagation
Learning: The RPROP Algorithm. In Ruspini, H., ed.: Proceedings of the IEEE
International Conference on Neural Networks (ICNN), San Francisco (1993) 586 –
591
9. Lauer, M., Riedmiller, M.: An Algorithm for Distributed Reinforcement Learning
in Cooperative Multi-Agent Systems. In: Proceedings of International Conference
on Machine Learning, ICML ’00, Stanford, CA (2000) 535–542

10. Weiss, G.: Multiagent Systems: A Modern Approach to Distributed Artificial
Intelligence. Massachusetts Institute of Technology (1999)
11. Gabel, T., Hafner, R., Lange, S., Lauer, M., Riedmiller, M.: Bridging the Gap:
Learning in the RoboCup Simulation and Midsize League. In: Proceedings of the
7th Portuguese Conference on Automatic Control (Controlo 2006), Porto, Portugal,
Portuguese Society of Automatic Control (2006)
12. Lauer, M.: Ego-Motion Estimation and Collision Detection for Omnidirectional
Robots. In: In RoboCup 2006: Robot Soccer World Cup X, LNCS, Bremen, Germany, Springer (2006)

