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Abstract—Reinforcement learning (RL) has undergone un-
precedented evolution in the last few years, managing to surpass
the human baseline in several high-profile board and computer
games. Despite these successes, deep neural agents remained
absent in several challenging fields, such as robot soccer, which
is a rather complex task involving simultaneous cooperation and
competition between multiple agents. In this paper, we investigate
the feasibility of playing robot soccer via deep reinforcement
learning using an environment of our own making. This en-
vironment provides the agent with imperfect and incomplete
observations to simulate the errors of a real vision pipeline.
To improve the agent’s performance on this task, an intrinsic
reward module is proposed based on self-supervised learning.
Our experiments show that the proposed extension significantly
improves the agent.

Index Terms—Reinforcement Learning,
supervised learning, reconstruction

multi-agent, self-

I. INTRODUCTION

RoboCup is a major yearly international event aimed at
advancing research in the fields of Artificial Intelligence
(AI) and Robotics. The event provides numerous challenges
involving robots performing specific complex tasks, such as
playing soccer, providing home assistance, or participating
in rescue missions. All of these challenges include several
different leagues with different robot hardware capabilities and
slight variations on the task.

In recent years, deep learning methods became widespread,
resulting in the frequent application of deep neural networks
to various perception [l 2] problems in RoboCup. However,
despite the groundbreaking advances of deep Reinforcement
Learning (RL) methods in recent years [3| 4, |5} 6], there have
been few applications in the context of robot soccer |7, |8].

Arguably, the two major factors enabling the rapid develop-
ment of new methods are the easy access to research and open-
source libraries, such as PyTorch or Keras. The other factor is
the wide availability of various simulated environments, such
as the ones in OpenAl Gym [9], as well as other compatible
environments, such as the Duckietown [[10] simulator. While
most RoboCup challenges have simulation leagues (such as
the RoboCup Soccer 2D and 3D leagues), these simulators
have not been designed with reinforcement learning in mind.
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In this paper, a novel simulated RL environment is presented
for RoboCup soccer, designed for training multiple cooperat-
ing and competing neural agents. To fulfill the requirements
arising in RL research, the simulator adheres to the following
design principles:

o Compatibility with the OpenAl Gym standard.

o Focus on learning strategy and high-level goals, so prob-
lems such as bipedal robot control or object detection are
abstracted over, but common failures are emulated.

o Usage of 2D physical simulation for reasonably accurate
ball and robot movement, including collisions and falling.
This allows robots to learn approximate physics and the
inherent risks of specific actions.

« Computational efficiency, as the speed of the simulation
is a significant bottleneck of the training process.

In addition to the new environment, we also present a
novel neural network architecture to facilitate learning in the
simulator. The architecture is capable of handling common
errors, such as false positive/negative, noisy, and partial object
detection, by attempting to accurately reconstruct the full
state from multiple imperfect observations in a self-supervised
manner. Our experiments show that by pre-training the recon-
structor sub-network, the rewards achieved by trained agents
can be significantly improved.

II. RELATED WORK
A. Reinforcement Learning in Robot Soccer

While the research of reinforcement learning methods in
RoboCup is scarce, the first attempts go back to the earliest
days of the annual competition. Stone and Sutton [[I1]] used
traditional RL methods to solve the keep-away problem, in
which one team of agents is tasked with foiling the other
team’s attempts to seize control of the ball. Later, Riedmiller
et al. [12] used neural batch RL to learn the value function in
robot soccer. Notably, RL methods were also present in other
leagues, such as the 2D simulation, showing that learning in
such environments is possible, although cumbersome [13].

Research using modern deep reinforcement learning meth-
ods is scarce nonetheless. Schwab, Zhu, and Veloso [7]
expanded on team CMDragons’ existing Skill, Tactics, Play
(STP) architecture, and replaced hand-coded skills with



learned ones using the Deep Deterministic Policy Gradient
(DDPG) method. They showed that these learned skills could
be integrated into high-level human-designed tactics success-
fully. The skills learned include walking up to the ball or
kicking it in a particular direction.

Since the 3D robot soccer simulator provides a reasonably
accurate dynamic model of the Nao robots used in the standard
league, it can by used to learn certain control-centric behav-
iors, such as walking or running. Abreu, Reis, and Lau [8]] used
the widespread Proximal Policy Optimization (PPO) method to
train a simulated Nao robot to run and stop in this environment.
Their maximum achieved stable running speed was 2.5 m/s,
which is almost double the previous best. Notably, in the real
world, the Nao robots achieve significantly lower top speeds.

B. Curiosity-based Exploration

A significant contribution of the field to widen the range of
successful applications of the reinforcement learning paradigm
was the introduction of the notion of intrinsic rewards. Among
other model-based formulations, such as World models [6],
curiosity [14} |[15] formulations were developed to incentivize
the learning process of the agent, while simultaneously incen-
tivizing exploration of the environment.

The curiosity paradigm was extended in Reizinger and
Szemenyei [16] by utilizing the attention mechanism [17],
which was proven to result in superior performance in different
fields of deep learning. The main contribution of Reizinger
and Szemenyei [16] is the so-called Rational Curiosity Module
(RCM), an adaptive curiosity loss formulation, which was even
utilized in multi-agent environments [[18].
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Fig. 1: Forward loss formulation of the RCM agent
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The main idea of RCM is - as shown in - to
utilize the attention mechanism, conditioned on ¢ (s441) -
where [?_5] denotes the transformation of the state s;;; into
feature space and ° stands for predicted values. This way, it
is possible to focus on a specific subspace of the features
extracted by the neural network; and to use this weighted
difference in the calculation of the loss of the forward model of
the original Intrinsic Curiosity Model (ICM) [14]. That is, the
attention mechanism selects the dimensions of the loss where
exploration will be incentivized. The rationale behind this idea
is that although the features provide a compact representation
of the whole state space, it is possible that in particular steps,
different subspaces are relevant to be modeled. Thus, the
curiosity loss should only incentivize the agent to learn a better
model of those features.

As it was shown in Szemenyei and Reizinger [18]], the RCM
approach is equivalent to an adaptive weighted least squares

formulation, where adaptivity is given by the attention mecha-
nism. Le., Jrwp,rcM is equal to the following quadratic form:
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where W stands for the weights of the Attention network, as
noted in [18]].

III. ENVIRONMENT

In the following, we describe the proposed environment,
first introduced in our previous work [18]. The OpenAl Gym-
compatible [[9] environment simulates robot soccer. Our intent
was to implement a lightweight multi-agent scenario simulator
for robot soccer while abstracting away from low-level physics
(such as the control of robot joints) or expensive 3D graphics.

However, following our goal to make the environment real-
istic, we also attempt to emulate the failures of real computer
vision pipelines, so that the agent may learn to deal with them.
For this reason, the environment provides a partial observation
type, in which the detected objects are returned in the agent’s
own coordinate system, and the visibility of the objects is
limited by their distance from the agent and the field of view
of the robot’s camera.

The environment also provides an image-based observation
type, which provides a semantically labeled image for each
of the robot’s two cameras, aiming to emulate the output
of semantic segmentation. Both of these observation types
introduce the challenge of localization of both the agent and
other dynamic objects in the absolute coordinate system.

Both observation types support the emulation of detection
failures, including false negatives, false positives, misclassifi-
cations, and inaccurate localization. Objects may also be lost
due to occlusion. The failure emulation feature also supports
two modes: in the random mode, these errors occur with a
fixed, adjustable probability. In the realistic mode, however,
the probability of random errors depends on other factors
as well, aiming to adjust the reliability of the observations
depending on the situation. These additional rules are as
follows:

1) The magnitude of position noise and the probability
of false negatives increases with the distance from the
agent.

2) False negatives are more likely to occur when two or
more objects are nearby or at the edge of the field of
view.

3) Visually similar objects (such as balls and penalty
crosses) are more likely to be confused than dissimilar
ones.

4) False-positive sightings are more likely to occur in
certain places (such as false-positive balls at the feet
of other nearby robots).

The environment and the observation types are shown in
Figure 2
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Fig. 2: The environment (top left) and the partial observations (top right). The bottom images are the top and bottom camera

observations (from left to right).

The reward system implemented in both environments aims
to encourage the agents to make moves towards reaching the
end goal. The types of achievable rewards can be organized
into three categories: primary, rule-based, and auxiliary.
Primary rewards are the simplest to describe: the agents score
for reaching or failing their goals, e.g. scoring. Rule-based
rewards are usually awarded for breaking a rule, and as such,
they are usually negative. These rules include pushing or
walking off the field.

Auxiliary rewards are the trickiest, as they are awarded for
actions that usually increase the probability of success, yet they
are not necessarily the optimal actions. As such, the magnitude
of these rewards is considerably smaller so that a later primary
or rule-based reward could compensate them. Agents can get
auxiliary rewards for getting closer to the ball, or moving the
ball towards the opponent’s goal is also rewarded.

IV. MODEL

The environment introduced in the previous section presents
novel challenges, necessitating the design of a custom model
architecture. To this day, there are few environments [19]

that provide agent-centric partial observations, and even those
only account for occlusion. Our environment, on the other
hand, introduces false negatives and positives along with
misclassifications, which renders traditional architectures that
expect a fixed number of objects infeasible.

Moreover, the Nao robots used in real-world games are
relatively clumsy, meaning that executing a single action
(such as moving, turning, or kicking) takes considerable time,
usually between 500 — 1000 ms. This results in the vision
pipeline running at a much higher frame rate, breaking the
single action-single state orthodoxy of reinforcement learning.
Indeed, performing a single action in this environment results
in multiple observations at different intermediate time steps.

A. Encoder

For the reasons detailed above, the proposed encoder ar-
chitecture has to tackle noisy, incomplete observations and
effectively combine them over multiple time steps. Moreover,
it should satisfy the requirement of being able to extract
information from variable-length observations (as the number
of objects varies) with multiple object types. To manage this



problem, the encoder first embeds every observed object using
a small Multi-Layer Perceptron (MLP) independently. Each
object type has its unique embedder MLP; however, the num-
ber of outputs are equal. This allows these embeddings to be
concatenated to form a varied-length sequence of embeddings
for each time step.

The first step is to allow the network to learn how objects
in a single observation interact. This is essential since the
objects in the game interact in various ways, causing false pos-
itives/negatives or occlusion, among others. Also, the presence
of particular static field objects means that other such objects
should be nearby - such as observing the penalty box would
mean that the goalposts are also in the neighborhood. To allow
the model to learn these, a self-attention layer is applied to the
sequences in every time step independently (these layers share
weights, naturally). The self-attention utilized is a multihead
attention layer with scaled dot-product attention, the same as
used in [17], which was shown to be able to learn the inherent
connections between a sequence of data.

The next step of the encoder architecture is to combine the
observations at different time steps into a single sequence.
Naturally, interactions between elements of these sequences
are integral to this step as well. For this task, we used a new
type of layer called Recurrent Temporal Attention (RTA) [18]].
This module is a multi-head attention layer, where the two
input sequences are the observations at two subsequent time
steps. Once the output sequence is produced, it is fed back as
one of the inputs, with the next observation sequence taking

up the other input. The architecture is shown in
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Fig. 3: The Recurrent Temporal Attention (RTA) module.

It is easy to see that this is simply an RNN cell, except
that it uses a multi-head attention layer in place of a linear
one. Naturally, there are a few further considerations: first,
when combining the sequences of two subsequent time steps,
the model must avoid losing objects due to false-negative
sightings. To achieve this, padding is applied, which results in
the final output of the RTA module having as many elements
as its longest input.

However, this guarantees that false-positive sightings will
remain in the sequence. To allow the model to filter these
out, a simple linear layer with sigmoid activation is applied
to the elements of the final output sequence, producing a
confidence score for every object. Then, as the final step of the
encoder, the objects are averaged, using the confidence scores

as relative weights, producing a single embedding vector for
the observations. The encoder is shown in

B. Localization and reconstruction

Notably, in this environment, the game rules depend on the
absolute position of the relevant objects, as opposed to their
position relative to the agent. In other words, localization is
required to avoid scoring own goals. The observations in our
environment are inherently relative; however, it is easy to see
how this would make learning difficult.

Two auxiliary outputs are introduced to circumvent this
difficulty, aiming to help the agent to learn absolute local-
ization and detection. The first of these outputs is called the
localization output, where the agent is trained to accurately
predict its own position and orientation at every step in a
self-supervised manner. Note that robots can move their heads
from their bodies independently, so predicting the robot pose
involves determining both orientations.

In addition to the localization output, there is also a re-
construction head, aiming to accurately predict the position
and other properties of dynamic objects (the ball and other
robots in this case) in the environment. This output helps
the agent to learn to determine the absolute position of other
relevant objects. It aims to reconstruct the state vector of the
environment, hence its name, while it also explicitly trains
the model to reduce position noise and to account for false
negatives and positives.

When predicting multiple objects of the same type, such
as robots, the reconstruction head uses anchors, similarly
to YOLO [20]. In this case, anchors are fixed to certain
positions on the field, whereas objects are assigned to anchors
to minimize the sum of the distances between the object and
anchor positions via the Hungarian algorithm. Notably, during
reconstruction, the agent is only trained to predict objects it
has seen at least once before during the rollout.

The architecture of the proposed agent is depicted in
it consist of two encoder modules for static and
dynamic objects, respectively. The output features of both
encoders are concatenated and fed into an [21]) layer to
capture temporal dependencies. The recurrent layer produces
the features that will be used for localization, reconstruction,
as well as for the [A2C] and [RCM] heads.

V. EXPERIMENTAL RESULTS

The proposed methods have been evaluated and compared
against baseline algorithms to demonstrate their efficacy. The
evaluation was performed for the environment, using the
partial observation mode and realistic noise with a magnitude
of 1.0. We used two agents per team for robot soccer, and the
training was run with 8 parallel environments.

We used a relatively simple metric for evaluation: for each
experiment, we computed the best average reward achieved
by the agents (the average was computed using a 10 episode
moving window). Two agent types were compared: the base-
line agent was an A2C architecture extended with the RCM
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Fig. 4: The encoder architecture. Here * is only used to denote that attention was applied to the embedded objects.
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Fig. 5: The network architecture. The subscripts stat and dyn denote components (objects, encoder, and features) for
static and dynamic objects, respectively.¢ (s;) stands for features, a; for actions, and for the advantage function
[A (s, a1) = Q (s¢,a1) — V (s4)], i.e., the difference of the state and action value functions; whereas * denotes predicted values.

module, while ’our’ method included the reconstruction mod-
ule.

The training was performed with 8 different random seeds,
in order to make sure that the differences between the ar-
chitectures were not due to a lucky random seed. Finally, a
Bayesian t-test was used to determine whether the improve-
ment provided by the proposed methods is significant. For
performing the test, the independent samples version from the
BEST [22] was used, since having the same random seed does
not necessarily make two runs directly comparable.

Notably, the network used in the reconstruction variant was
pre-trained for localization and reconstruction, using randomly
generated samples from the environment. These samples were
N step sequences, where N is the rollout size. To measure the
effectiveness of the pre-training, the Average Precision (AP)
was measured at different threshold values. [Table 1l shows the
results of pre-training for localization and reconstruction.

TABLE I: The AP achieved for localization and reconstruction.

Distance threshold ‘ 25cm 50 cm 1 m
Localization 83% 100%  100%
Reconstruction 54% 70% 92%

Notably, localization achieves far better results than recon-
struction. The reason for this is that for distant objects, even
small errors in determining the robot’s orientation can result
in significant errors in absolute localization. To help to put the
accuracy in perspective, the soccer field is 9 X 6 meters in size.

To examine the effects of the localization and reconstruction
module, the RoboCup environment was used with partial
observations. The 95% credible Interval (CI) and the mean of
the improvement in the reward, the probability of improvement
compared to the baseline, and the baseline rewards are shown
in

Clearly, the results show an approximately 15% improve-
ment compared to the RCM baseline and a near 100%

TABLE II: Results of the Bayesian t-test.

Metric |  95% CI
Results | [2.01,2.44]

Pol
100%

Baseline Reward
13.25

Mean
2.23

probability that the reconstruction improves the agent’s per-
formance. To put the average 15.48 reward achieved by our
agent into context, the random policy achieves a significantly
lower, 5.75 reward score, while a human player controlling a
single robot (interface supporting multiple human players was
not implemented) achieved 22.57 on average.

VI. CONCLUSION

In this paper, we presented a Gym-compatible simulated
robot soccer environment for reinforcement learning with
noise, imperfect partial observations, which - although realistic
- make learning much more difficult. To alleviate this problem,
a novel architecture and training method were proposed,
employing self-supervised learning to provide agents with an
intrinsic reward. This intrinsic reward allowed agents to learn
to localize themselves and other relevant objects in the field
using the imperfect observations, while also making one step
forward predictions, which allow agents to learn the dynamics
of their environment.

Our experimental results show that the agents are able
to learn in this environment, proving the usability of the
simulator. Moreover, the proposed self-supervised training
method credibly improves the performance of the agents, by
a significant margin. Still, the performance of the best agents
falls short of the human baseline, requiring further research.
However, it is worth noting that due to the multi-agent nature
of the problem and limitations of the control Ul, the human
baseline is only a rough estimate. The implementation of
the environment and the code for training is available at
https://github.com/szemenyeim/DynEnv, and in the form of the
DynEnv python package.
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