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Learning to Play Foosball: System and Baselines
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Abstract— This work stages Foosball as a versatile platform
for advancing scientific research, particularly in the realm of
robot learning. We present an automated Foosball table along
with its corresponding simulated counterpart, showcasing a
diverse range of challenges through example tasks within the
Foosball environment. Initial findings are shared using a simple
baseline approach. Foosball constitutes a versatile learning
environment with the potential to yield cutting-edge research
in various fields of artificial intelligence and machine learning,
notably robust learning, while also extending its applicability
to industrial robotics and automation setups. To transform
our physical Foosball table into a research-friendly system, we
augmented it with a 2 degrees of freedom kinematic chain
to control the goalkeeper rod as an initial setup with the
intention to be extended to the full game as soon as possible.
Our experiments reveal that a realistic simulation is essential
for mastering complex robotic tasks, yet translating these
accomplishments to the real system remains challenging, often
accompanied by a performance decline. This emphasizes the
critical importance of research in this direction. In this concern,
we spotlight the automated Foosball table as an invaluable
tool, possessing numerous desirable attributes, to serve as a
demanding learning environment for advancing robotics and
automation research.

[. INTRODUCTION

Despite the progress made in robot learning, solving
meaningful robotic tasks with artificial intelligence in real
world scenarios is still a difficult problem. Large amounts
of publications only discuss results of experiments on sim-
ulated environments. However, while the results may look
promising, the transfer to real systems is another leap to
take. A major reason are uncertainties of varying sources,
such as the sim-to-real gap or state estimation. Especially
when using vision based sensing, estimated poses of objects
within an environment can be inaccurate for varying rea-
sons, e.g., blurring, motion or insufficient camera resolution.
However, uncertainties can be tackled by robust algorithms,
which are specifically designed to minimize the impact that
uncertainties have on the decision making policy. By design,
robust algorithms have close ties to adversarial reinforcement
learning, where two players learn opposite goals. In this case,
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Fig. 1. Our autonomous Foosball system in a human versus machine setting
for robust and adversarial robot learning research.

the adversary is a source of uncertainty within the envi-
ronment. With this work, we aim to build a robot learning
environment, both in reality and simulation, as a research
platform for robust and adversarial robot learning research.
We further aim to provide preliminary learning results which
are validated on the real system to serve as a baseline for
said research. Therefore, the goal is an environment that is
highly dynamic and allows for human robot interaction while
applying a reasonable amount of restrictions to keep learning
feasible. The environment should also have similar uncertain-
ties to complex robotic environments. An application that
meets these criteria is autonomous Foosball.

Foosball, also known as table soccer, is a two (1vs. 1) or
four (2vs.2) player zero-sum game that emulates a soccer
game. In our setup, we consider the most widely known
version of a Foosball table which consists of a miniature
soccer field with four different controllable rods for each
team. As shown in Fig. 1, a total of 11 figurines, resembling
soccer players, are spread across the four rods of each team.
These figurines represent goal keeper (1 figurine), defense
(2 figurines), midfield (5 figurines) and offense (3 figurines).
Each rod has two degrees of freedom (DoF) for translatory
and rotary movements with mechanical joint limits in the
prismatic and rule-based limits in the revolute joint. In
autonomous Foosball, the rods of one team are automated
to create a human vs. machine environment. By removing
rods from each team, this environment is scalable between
a cumulative 2 to 8 DoF. During the game, the ball can
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reach velocities up to 15 m/s which makes Foosball a highly
dynamic and fast paced game and a challenging problem
for robot learning. However, the game also imposes natural
restrictions: objects of interest, i.e., ball or figurines, are
limited to specific areas and movements. Further, interactions
with humans happen within predefined bounds through the
movement of opponent rods and the occasional retrieval
of the ball. As such, autonomous Foosball is an excellent
stepping stone towards complex robot learning applications
as well as robust and adversarial learning research. However,
while for our research, the properties concerning robust
learning are most interesting, the Foosball table opens a
lot more opportunities. Implied by the previous paragraph,
Foosball constitutes a challenging and scalable multi-agent
learning environment which includes, but is not limited
to, team games with a human partner also translating to
human robot interaction and intention modelling. In addition,
Foosball provides a learning environment for intuitive and
compact robotic skill representations, imitation learning, as
well as real-time planning in continuous state and action
spaces. Lastly, it is also worth mentioning that solving the
Foosball environment strongly depends on auxiliary tasks
such as high frequency state estimation and object tracking.

II. BASICS
A. Adversarial RL

In standard, single-agent Reinforcement learning (RL), the
problem setup is usually formulated as a Markov decision
process (MDP). Therefore, the agent operates in an envi-
ronment which represents the task at hand; It observes the
state S; € S at every discrete time step t and takes an
action A; € A based on its decision making rule, the policy,
(S¢). With the application of this action, the environment
transitions to the next state S;y; and the agent is rewarded
by R;. In episodic tasks like Foosball, this cycle continues
until a terminal state is reached. The agent’s objective is to
maximize the (discounted) cumulative reward [1].

In multi-agent RL (MARL), the problem setup is usually
modelled as a more complex Markov game, where the next
state and rewards do not only depend on the actions of a
single agent but on the joint action. Since the rewards of the
agents might not be aligned, their objectives might neither.
In order to avoid this tremendous increase in complexity,
one can also treat all other agents as part of the environment
and consider different agent setups as domain randomization.
In the MARL community, this is referred to as independent
learners [2].

This concept is especially applicable in adversarial set-
tings, where the other agents are opponents, i.e., the rewards
are at least partially opposite. A common special case of
adversarial settings are two-player zero-sum games which
have been widely studied in the RL. community [3] but even
much earlier in the area of game theory [4]. Two-player zero-
sum games are a common type of problem found in games,
where "games" refers to the definition found in economics
and extends far beyond just board and video games. As
the name suggests, in two-player zero-sum games, there are

two agents acting in an environment with opposite goals.
Any gain an agent acquires results in an equivalent loss for
the other, such that the sum of rewards for both agents is
always zero [4]. In the adversarial setting, the agents are
often referred to as protagonist and opponents, where the
protagonist is the agent we are training.

When training an agent in an adversarial setting, e.g., two-
player zero-sum games, we need to take into account that
the opponent maximizes its expected reward which in turn
minimizes the protagonist’s score. To train efficiently in such
a setting, the protagonist needs an opponent of appropriate
skill level. Consequently, when its own skill level increases,
the opponent must also become stronger in order to be
challenged and not to overfit that performance.

To apply this mechanism to reinforcement learning, we
can make use of the self-play paradigm. Self-play means
that the protagonist learns the task by playing against copies
of itself. Thus, the opponent is either an exact copy of
the current version of the protagonist or an older version
of itself. Replacing the opponent by an updated version
of the protagonist every once in a while yields a new
opponent of adequate strength and guarantees a challenging
learning environment. This methodology can also be seen as
a specialized version of auto-curriculum learning.

Self-play has been widely used for a long time and has
been successfully applied to a range of challenging domains
[5], [6], [7], [8], [9], [10], [11]. While self-play is a naive
approach to adversarial learning with the protagonist being
an independent learner, it still serves as a baseline for more
complex approaches down the line.

B. Related Work

Foosball has been considered in scientific contexts before.
In [12] and [13], the authors discuss tracking of the game
ball through visual cues. Senden et al. apply invariant world
models for robust object localization in environments where
a camera sensor is not static [14]. KiRo [15], commercially
known as Starkick, is a complete autonomous Foosball
system and one, if not the first, of its kind. Other examples
exist mainly in the context of university projects. However,
none of these examples employ Al-based controllers but rely
on a set of predefined actions. To the best of our knowledge,
there are only few papers that discuss Al-based approaches
in the context of Foosball. The first is Klcker [16], a
demonstrator for industrial application of deep reinforcement
learning utilizing a digital twin to a real system and do-
main randomization. The learning environment, however, is
restricted to the basic example of shooting goals with the
offense. A second work [17] applies Deep Q-Learning to
block incoming shots with the goal keeper both in simulation
and on a real system. However, in their work the authors
only consider a set of 3 actions which poses a significant
restriction. Another work [18] has been published only two
weeks prior to this submission. The authors discuss the use of
multi-agent competition to train Als for offense and keeper
and theirs is the only other work considering the opponent in
its strategy. The presented approach is the most sophisticated
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of the prior work and is a direct extension of [16] and [17].
However, their work does not consider a continuous game
of Foosball. In contrast, our work aims for a more complete
picture with a direct application to future research in robust
and adversarial learning.

III. LEARNING TO PLAY FOOSBALL

Foosball as an environment varies depending on the table
used. Most tables differ in size, shape of the figurines, color,
etc. In our work, we build upon an Ullrich “Home” table
which follows the configuration described in Sec. I with a
playing field of 1.2m x 0.68 m.

A. Our Autonomous Foosball System

With autonomous Foosball, we aim to automate a subset
of the table’s rods to create a human vs. machine setting.
Each automated rod needs actuation in 2 DoF, i.e., translation
and rotation. In our system, a brushless DC (BLDC) motor
is connected to a belt drive with a carriage moving on a
guiding rail to create a prismatic joint. For reference, a CAD
sketch is included in Fig. 2. Mounted on the carriage is a
second BLDC motor as a revolute joint with a direct link
to the rod of the Foosball table creating a 2 DoF open
kinematic chain. To protect the motor axis of the revolute
joint during high accelerations of the prismatic joint, a thrust
bearing redirects forces imposed by the rods away from
the motor axis and onto the carriage instead. Given the
specifications of the actuated rod, belt drive and carriage, as
well as, measuring trajectories of a human player, a rough
estimate for the motor requirements of both movements is
calculated. The estimate is further adjusted to fit desired
criteria, i.e., achievable ball speeds through consideration
of energy conservation during a shooting motion. While the
highest recorded ball velocity is over 15m/s, a regular game
rarely exceeds 10 m/s. Therefore, the hardware is designed
to accommodate speeds of up to 10 m/s. For our application
we utilize Nanotec’s DB59L048035 motor for the revolute
and DB59C048035 for the prismatic joint in combination
with their C5-E motor controllers. Currently, the automation
is restricted to the white goal keeper for initial testing and
validation purposes and will be extended to all four rods of
one team in the near future.

While encoder based readings in the motors provide a
reliable position and velocity estimation of the automated
rods, obtaining the same for the ball and opponent rods is
more difficult. In case of the opponent rods, the minimum
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Fig. 2. Shown is the CAD model of the actuation for the autonomous

Foosball system. A BLDC motor operates a belt drive system with a carriage
creating a prismatic joint. A second BLDC motor is mounted onto the
carriage and connected to the rod to add a revolute joint.

required information is the translatory position to avoid being
blocked during attacks. In addition, the position and velocity
of the ball must be estimated. In our system, a vision-based
state estimation is employed. A camera is mounted above the
table, as shown in Fig. 1, with a resolution of 1280 x 720
pixels at up to 90 frames per second (FPS). Prior work has
applied traditional detection schemes through, e.g, Hough
transformations and color coding to detect the ball while
opponent figurines are mostly ignored [12], [13], [14]. To
design a state estimator that provides more information com-
pared to most prior work while also being applicable to more
complex robotic environments later on, we use the state-of-
the-art detection algorithm You only look once (YOLOVSs)
[19], [20] as it provides flexible high frequency object detec-
tion. However, a drawback of such a learning based detection
algorithm is the data requirements and generating labeled
data from real world images is a tedious, time-consuming
process. In our work, we utilize the simulated learning
environment used to train intelligent robot controllers to also
create synthetic data to train YOLO. The simulated learning
environment is generated in NVIDIA’s Isaac Sim [21], a
GPU-based physics simulator with realistic graphics. The
simulation recreates the camera system virtually to provide
more realistic synthetic training data. An example of the
synthetic data is shown in Fig. 3.

Still, an object detector can only provide measures for the
positions of the objects in the scene. Through combination
with a Kalman Filter [22], further information about veloc-
ities of the objects is retrieved. The image processing and
decision making is then done on a remote computer and the
computed motor commands are communicated to the low-
level motor controllers via CAN-Bus. The Kalman Filter is
further exploited to predict future states to reduce the impact
of delays caused by computation and communication. The
state estimation is tested in simulation to get a preliminary
validation of the performance. The results are shown in
Fig. 4 with estimated positions and velocities in the scene in
comparison to the true values. Due to the highly dynamic
nature of Foosball, we aim to extend the Kalman Filter
predictions to consider collisions of the ball with objects. So

Fig. 3. Shown is an example of synthetically generated data used to train
the detection algorithm YOLO used in this work. The bounding boxes are
created from a set of points projected into the image plane. These points
are taken from the underlying CAD model of the figurines.

4328



100 6004

380 500

3607 400 -|

340 A

Translation [Pixel]
Position [Pixel]

I 30/
—— True Values
—— Estimated Position 200

320

—— True Values (x-axis)

—— Estimated Position (x-axis)

—— True Values (y-axis)
Estimated Position (y-axis)

Velocity [Pixel/Frame]

40
—— True Values (x-axis)
—— Estimated Velocity (x-axis)

T T T T
5 15

T T T T 7 T T T T T
20 25 35 40 45
Steps

(a) Keeper Position Tracking
Fig. 4.

(b) Ball Position Tracking

T
20
Steps

(c) Ball Velocity Estimation (x-Axis)

Shown is a subset of the state estimation results from YOLO detection followed by Kalman filtering in comparison the the true values from

simulation. All estimates are in pixels or pixels per frame at 60 FPS. The white keeper rod is chosen in (a) as representative for position estimation along

its prismatic joint. Other rods display similar performance. In the center (b),

the x- and y-position estimate of the ball is plotted. Lastly in (c), the ball

velocity in x-direction is shown. We have omitted the y-velocity for clarity as it yielded similar results.

far, we have included collisions with the surrounding walls.
Collisions with the figurines are still a work in progress as
they depend on estimates of the figure rotations and rotational
velocities. While early attempts have been made to estimate
the rotations, the results are still preliminary and therefore
excluded from this paper.

B. Training Setup

As mentioned in Sec. II-B, most prior autonomous Foos-
ball agents heavily rely on predefined deterministic actions.
Only in few works [16], [18] reinforcement learning is being
discussed. In these works, learning is either limited to the
most basic tasks or only done in simulation. We, on the other
hand, want to train a strong agent from scratch that is capable
of playing in an adversarial setting, both in simulation and
reality. A first step towards this goal is a baseline approach
relying on RL and self-play. As representative, we use
Proximal Policy Optimization (PPO) [23] as it is still one
of the most widely used state-of-the-art RL algorithms.

1) The Training Environment: For our training, we utilize
Omniverse Isaac Gym [21] as the learning environment '
where we have recreated our Foosball system through CAD
modeling as shown in Fig. 3. In the simulation, all rods,
including the opponent rods, are each driven by a 2 DoF
kinematic chain with a prismatic and a revolute joint. These
joints are parameterized according to the motors used in
our real system. The range of the prismatic joints matches
the range of motion of the corresponding rod. The revolute
joints are limited to two revolutions based on the rules
of Foosball. Each joint can be controlled through position,
velocity or torque targets. For this work, however, we use
positions. All training is performed in task-specific settings
from basic tasks, such as blocking incoming shots without
opponent, to more complex self-play settings with either two
(keeper vs. keeper) or all eight (full game) rods in place. This
approach allows for varying levels of difficulty.

2) The Observation Space: Depending on the number and
type of rods involved in the training process the observation
space changes. For each active joint in a task, we observe
joint position and velocity. In tasks involving opponents
that we transfer to the real system, the observations of the

Ihttps://github.com/Jaykixx/Foosball.git

opponents are limited to prismatic joints, as explained in
Sec. ITI-A. Optionally, instead of the joints, it is also possible
to observe the figurines, which may be beneficial for some
tasks. In addition to the joints or figurines, the agents observe
the position and velocity of the ball in the x- and y-directions
in world coordinates as defined by Fig. 3.

3) The Rewards: Rewarding and punishing the agent only
for shooting or catching goals, respectively, gives the agent
the most freedom to learn meaningful skills and strategies.
The downside is, however, a very sparse reward problem
which makes it extremely difficult to learn beneficial be-
havior. Thus, we studied different ways to speed-up training
by also rewarding agents in other situations through reward
shaping. A consequence is less freedom and added bias in
the solution. The base reward is a positive or negative integer
for win or loss. In addition, a penalty is given when the
ball flies upwards out of the table. We further use three
different auxiliary rewards for reward shaping that are added
as necessary for the different tasks. We reward closing the
distance between ball and opponent goal, which is beneficial
in tasks where most rods are active and goals become more
rare. The second adds rewards for minimizing the distance
between the closest figurine on a rod to the ball in the
direction of the prismatic joint. This reward helps to increase
the amount of interaction with the ball during early stages
of the training process. Lastly, we have included action
regularization to reduce unnecessary motion and thus load
on the hardware during real system testing.

IV. EXPERIMENTS AND RESULTS

As described in the previous sections, we have trained
agents on a variety of different tasks that are relevant to Foos-
ball, including both base skills and self-play. We use a neural
network policy with 3 hidden layers with [256,128,64]
neurons. Policy outputs are limited to a range of [—1,1]
which are then scaled up to match the joint limits for position
control. Training runs on 8192 parallel environments. The
PPO updates consider a horizon of 16 for base skills and
64 for self-play. Each update consists of 8 mini epochs with
mini batches of either 16384 or 65536 depending on the
horizon. The PPO objective is clipped to 0.2 with v = 0.99
and A = 0.95 for the generalized advantage estimate. As
learning rate we are using an initial value of 1 x 10 3 with
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either an adaptive scheduling or none at all. Both training
and simulation run on a single NVIDIA GeForce RTX 3090
GPU with 240 Hz for the physics and 60 Hz for the decision
making. In the experiments, we always observe the joint
positions, not the figurines. For the discussion of the results,
we have split the tasks between base skills and self-play.
Goals give a reward of 1000 depending on which goal
was hit in all tasks.

A. Base Skills

As a first starting point, the simulation was used to learn
a set of base skills that are part of the Foosball game, e.g.,
blocking and scoring.

1) Blocking: The blocking task is designed to teach the
Al to block incoming balls with the goal keeper. The ball
is set to a random starting location on the opponents side
of the playing field with a random velocity of 2m/s to
7m/s towards a random position within the goal. While the
hardware is designed for velocities up to 10 m/s, the velocity
range in this task is more representative for the average
player. The observations include ball position and velocity
in x- and y-direction. Optionally, the prismatic position and
or velocity of the keeper can be included for a total of 4 to 6
dimensions. For the presented results, we have included the
prismatic position. The output is a single action value for the
prismatic joint. Fig. 5 shows the results of the training. As
can be seen, the trained policy manages to block all incoming
balls after less than 100 policy updates. However, the final
policy has additionally been tested on our real system. There,
we have noted that the policy had difficulties to react to fast
shots that were consistently blocked in simulation. We have
included video evidence in the supplementary material.

2) Scoring: Scoring as a task can be seen as an alteration
of the blocking task through extension of the action space
to the revolute joint. Given the rewards as described in
Sec. III-B.3, the AI will learn to repel the incoming balls
into the opponent goal. Further variation can be added by
initializing the ball in a resting position within a reachable
distance of the motion limits of the keeper. In both cases,
the observations extend to the position and or velocity of
the revolute joint for a total of 4 to 8 dimensions. For the
presented results, we ignored the joint velocities. Policies
are trained for either resting or incoming balls. As shown in
Fig. 5, scoring from resting ball positions without obstacles
is easily mastered by the policy. In contrast, incoming balls
are only repelled into the opponent goal about 85 % of the
time even though all incoming balls are blocked.

Further difficulty is added by including opponent rods
that remain static to serve as obstacles. In this case, the
observations also include the prismatic positions of the added
opponent rods which are randomized at the start of each
run. For our experiments, we have added the keeper, defense
and offense of the opponent as obstacles while always
starting with a resting ball. Due to the increased difficulty,
the success rate drops to around 60 %. Further analysis
has shown that the trained policy ignores the possibility of
redirecting the ball around obstacles by shooting against the

walls and instead focuses on direct shots. However, due to
the randomized positioning of both ball and obstacles, there
is not always a direct path to the goal.

B. Self-play

The full potential of Foosball only unveils when introduc-
ing an opponent player. In other games, a variety of self-play
techniques using different levels of planning and look ahead
have been applied. The renowned AlphaZero [5] algorithm,
for example, uses Monte-Carlo Tree Search to look ahead
several steps and states in order to improve decision making
over using the plain policy. In stochastic continuous problems
like Foosball, this approach is not as easy. In this first step,
we therefore solely rely on the policy for self-play playing
against a past version of our agent, updating that opponent
when winning against it reliably. We consider two variations
of our environment for this approach, keeper vs. keeper and
the full game.

1) Keeper vs. Keeper: At the time of submission, our
real system features a single automated rod, i.e. the white
goal keeper. Hence, we train the agent to compete in a fair
setting where there are only the two goal keepers. The state
estimation on the real system is also limited to observing the
prismatic motion of the opponent rods. Therefore, we have
equally limited the observations in the simulation. Compared
to the base skills, however, the policy observes both its own
position and velocity. As such, the observation space has a
total of 10 dimensions. The ball starts in a randomized resting
position within a reachable distance of either of the two
keepers. The opponent is updated as soon as the protagonist
wins at least 20 % of the games. In our experiments, the
opponent is the same across all environments. However,
optionally, a mix of multiple older version of the policy
can be used as opponents. The environment is designed to
be point symmetric such that the observations can be easily
inverted for the opponent. The results of the training process
are summarized in Fig. 5(c) and (d). We can see that the
protagonist always stays slightly ahead in accordance with
expectations. There is also a direct correlation between the
updates of the opponent and the rewards/win rate of the
protagonist. The physical distance between the two players
causes the number of goals to drop significantly compared
to the scoring task.

2) Learning the Full Game of Foosball: Having shown
that learning a simple adversarial version of the game of
Foosball is feasible, this part will treat the training of the
full game including all rods. The observations are in this
case not limited such that all 16 joints and their velocities
can be observed, increasing the observation space to 36
with 8-dimensional actions per player. While the trained
policy shows overall improvement in behavior, purposeful
shooting patterns and other skills remain a sparsity. This
result indicates that further training and improved algorithms
and planning is required.

C. Transfer to the real system

When applied on the real system, the performance of the
policies visibly drops. One of the reasons is the policies
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overfitting to the observations seen in simulation. When
the Kalman filter is added in simulation to estimate the
ball state, instead of true values, the policies exhibit similar
deterioration in performance. However, while training with
Kalman filter estimates improves the quality of the policy
on the real system, there is still a noticeable difference in
performance compared to the simulation results. A human
opponent could leverage these vulnerabilities to deliberately
confuse the policy in game. These findings highlight the
importance of robustness not just against uncertainties in the
physical behavior of the system but also observations. We
have included corresponding results of the discussed findings
in the supplementary video.

V. CONCLUSIONS

We have shown why a complex physics game like Foosball
is worth studying and that it can be used as an interme-
diate step towards real world applications in robotics and
automation as it features similar difficulties. We have further
presented how a Foosball table can be prepared for Al,
robotics and automation research. In addition, we set up
a lightweight realistic simulated version of said Foosball
table using the NVIDIA Isaac Sim platform. We highlighted
the need for efficient realistic simulations to tackle robotics
problems to minimize laborsome and time-consuming train-
ing on the real system. In this concern, we analyzed the
portability of several base skills as well as a keeper vs.
keeper policy trained in simulation to the real Foosball table.
Our findings demonstrate how vulnerable policies are to
overfitting simulative environments both in observations and
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physical behavior, emphasizing the need for robust robot
learning approaches. We further discuss the lack of complex
strategies and purposeful behavior in naive self-play. In a
next step, the provided results may be improved by more
sophisticated self-play, e.g., look-ahead planning with Monte
Carlo tree search as well as robust learning schemes. Further,
we treated the opponent as part of the environment and
therefore do not model intentions of any kind. This could, in
an even further step, be combined by taking inspiration of
professional Foosball players who try to infer intentions of
the opponent by observing the opponents hand movements.
Speaking of visual input, the agent could also be trained
end-to-end on raw pixels like commonly done in video
games. The full game of Foosball can also be extended to an
adversarial team game where teams of two agents compete
against each other as in real Foosball showcasing human
robot collaboration. To conclude, Foosball is a promising
research platform for robotics and automation research and
already shows promising results. We hope our work will
inspire blossoming future research contributing to many
subareas of AI, ML and robotics.
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