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Abstract— Teams of people coordinate to perform complex
tasks by forming abstract mental models of world and agent
dynamics. The use of abstract models contrasts with much
recent work in robot learning that uses a high-fidelity simulator
and reinforcement learning (RL) to obtain policies for physical
robots. Motivated by this difference, we investigate the extent
to which so-called abstract simulators can be used for multi-
agent reinforcement learning (MARL) and the resulting policies
successfully deployed on teams of physical robots. An abstract
simulator models the robot’s target task at a high-level of
abstraction and discards many details of the world that could
impact optimal decision-making. Policies are trained in an
abstract simulator then transferred to the physical robot by
making use of separately-obtained low-level perception and
motion control modules. We identify three key categories of
modifications to the abstract simulator that enable policy
transfer to physical robots: simulation fidelity enhancements,
training optimizations and simulation stochasticity. We then
run an empirical study with extensive ablations to determine
the value of each modification category for enabling policy
transfer in cooperative robot soccer tasks. We also compare
the performance of policies produced by our methodology with
a well-tuned non-learning-based behavior architecture from the
annual RoboCup competition and find that our approach leads
to a similar level of performance. Broadly we show that MARL
can be use to train cooperative physical robot behaviors using
highly abstract models of the world.

I. INTRODUCTION

Teamwork enables groups of agents (humans, animals,
and robots) to accomplish complex tasks more efficiently
than any individual could alone. For example, orca whales
use teamwork to generate waves and push prey off of ice
[1]. Likewise, autonomous robots can accomplish far more
when they work as a team. For example, drones patrolling for
wildfires can cover far more area if they coordinate the area
they cover [2]. Multi-agent reinforcement learning (MARL)
is a promising approach for obtaining such cooperative
behaviors for autonomous robots given task interaction time
and a reward function that defines success.

While MARL is a general approach to developing coopera-
tive behaviors, current MARL algorithms are data inefficient.
Many MARL success stories [3]-[8] have taken place exclu-
sively in simulated environments where data is comparatively
cheap to collect. Unfortunately, this scale of data collection
is currently infeasible on physical robots.

To take advantage of simulation for physical robots, much
recent work has gone toward developing realistic high-
fidelity robotics simulators [9]-[11] to reduce the inevitable
reality gap between simulation and reality. Complementing
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this research, in this work, we question if high-fidelity
simulation is necessary for developing cooperative control
policies for physical robots. We draw inspiration from human
planning [12] and train in an abstract simulation which
models the world at a low-fidelity, coarse level of detail
(Figure 1b).

In addition to being a step toward imbuing robots with
abstract reasoning capabilities, abstract simulators offer sev-
eral benefits for learning cooperative robotic behaviors. First,
in many domains, they will be easier to create and require
much less domain knowledge. Second, abstract simulations
simplify the world model and thus reduce the need for com-
plex and slow physics calculations. Finally, many cooperative
tasks require high-level reasoning, so extensive low-level
modeling of the target domain may be unnecessary. With this
motivation in mind, our work seeks to answer the question:

Can a team of robots learn cooperative behaviors using
MARL within an abstract simulation of their task such that
these behaviors transfer to physical robots?

In this paper, we answer this question affirmatively. In doing
so, this work makes the following contributions:

1) We demonstrate that multi-agent policies trained in an
abstract simulator can successfully transfer to legged
physical robots.

2) We identify and categorize key considerations for
improving simulator realism and MARL training that
enable zero-shot policy transfer to physical robots. A
particularly surprising finding was that decreasing sim-
ulator fidelity sometimes increased sim2real transfer
by promoting more effective MARL in simulation.

3) We conduct an extensive ablation study to determine
the critical attributes that facilitate the use of abstract
simulation to train multi-robot control policies.

4) We demonstrate that our approach produces policies
for teams of two robots that perform on par with exten-
sively tuned behaviors developed by recent champions
of the RoboCup Standard Platform League competi-
tion.”

With these contributions, we provide a framework for devel-
oping transferable multi-agent policies using abstract simu-
lation, potentially reducing the need for expensive and time-
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Fig. 1: Comparison of the physical NAOv6 used in experi-
ments to the abstract simulation we use to train the policies
to control high-level cooperative behaviors.

consuming real-world training in multi-robot applications.

II. RELATED WORK

In this section, we discuss prior work on abstraction in
robotics and sim2real.

A. Abstraction for Robotic Reinforcement Learning

Abstraction is a common technique used to simplify the
learning process for RL agents [13]. Prior to deep RL,
abstraction was used for navigation tasks for various wheeled
and snake-like robots [14]—-[17]. Other works have extended
abstraction for robotics into deep RL [18]-[21] but do not
use abstract simulation to the extent we do in this work nor
do they consider multi-agent domains. Truong et al. [22]
uses an abstract simulation to accomplish navigation tasks
but also does not consider the multi-agent case. Zhang et al.
[23] uses abstract simulation for multi-agent drones but does
not consider the more complex domain of legged robots.

Another approach to abstraction is to use hierarchy where
low-level and high-level control are trained separately. Stulp
et al. [24] uses pretrained low-level motion primitives like
we do in our work, but they do not use deep RL and it
takes place in a simpler single-agent grasping domain. Ma et
al. [25] also uses motion primitives for hierarchical RL and
considers a multi-agent domain but does not use physical
robots. Nachum et al. [26] uses hierarchy to train motion
control and then high-level control in a multi-agent domain.
Their work considers a simpler domain for pushing boxes
with quadrupeds and uses high-fidelity simulation for both
low- and high-level policy training.

Some works use low and high-fidelity simulation to bal-
ance fast training and real world performance [27]-[33]. Our

2We note that the RoboCup SPL competition presents a greater challenge
than the specific evaluation scenarios we designed to test multi-agent
cooperation and thus, we do not claim that the trained MARL policies
alone would match the performance of an SPL team. In a separate and
complementary submission to ICRA, we describe a system for using single-
agent RL in the RoboCup SPL competition.

work only uses low-fidelity training and explores the multi-
agent space while these works are focused on single-agent
training.

B. Sim2real Reinforcement Learning

Reinforcement learning methods generally require large
amounts of data to exhibit desirable behaviors. For example,
learning to play Dota 2 required 10 months of training
on thousands of CPUs and hundreds of GPUs [7]. This
computational scale is infeasible for physical robots due to
the prohibitive monetary and time costs. Therefore, many
works adopt the sim2real paradigm — training policies in
simulation and transferring the fixed policies to physical
robots [34], [35].

Sim2real transfer has produced intelligent robot behavior
across a wide variety of domains [36]-[45]. In the domain
of robot soccer, high-fidelity sim2real has achieved vision-
to-motor control, complex multi-agent behaviors and multi-
robot teamwork [46]-[49]. Despite the successes of high-
fidelity sim2real, the challenge of the reality gap remains.
Popular methods to bridge this gap include domain random-
ization [50], and precise simulation-to-reality matching [51]—
[53].

Many works utilize sim2real transfer to enable multi-agent
behaviors on real robots [54]-[56]. Some works [57], [58]
employ sim2real transfer to deploy multi-agent policies on
real robots, but they focus on end-to-end deployment which
generally requires a high-fidelity simulation.

Sim2real RL can be considered as an instance of model-
based RL. Model-based single-agent RL has been applied
to learn on physical robots by learning a world model and
training agents in that model [44], [59]-[68]. Model-based
RL has also been applied to multi-agent tasks for increased
multi-agent performance [69]-[73]. These works focused
on learning world models as opposed to using a crafted
simulation and do not evaluate on physical robots.

III. BACKGROUND

We formalize the MARL problem as solving a stochastic
game, also known as a Markov game. A stochastic game is
defined by the tuple (S, Ai,...,An,p,71,...,7), Where
n is the number of agents; S is the set of all possible
states of the environment; and A; is the set of actions
available to agent ¢. The joint action space A is defined as
A=A x...x A,, representing all possible combinations
of actions taken by the agents. p(s’|s,ai,...,a,) is the
probability of transitioning to state s’ given the current state
s and the joint action (ay,...,a,) taken by all agents. r; :
S x A — R is the reward function for agent ¢, which depends
on the current state and the joint action. In a stochastic game,
the goal of each agent ¢ is to learn a policy m; : S — A;
that maximizes its expected cumulative reward. This work
focuses on a cooperative multi-agent setting. In cooperative
games all agents share the same reward function and aim to
maximize this shared cumulative reward.
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Fig. 2: Visualization of our training and deployment inter-
action models. Exact world state is given during training
and world state is estimated by the robot architecture mod-
ules during deployment. Similarly, in simulation the policy
exactly controls high-level actions while during deployment
they are passed to a motion controller which controls motor
outputs.

IV. ROBOT HARDWARE AND SIMULATION

Before presenting our methodology for crossing the ab-
stract simulator reality gap, we describe the robot hardware
and simulation set-up that we will use. We present these
platforms to ground the presentation of our methodology in
Section V.

A. Robot Hardware and Behavior Architecture

In this work, we use the NAO v6 humanoid robot (Fig-
ure la). The NAO has 25 degrees of freedom for movement
with 2 cameras, foot pressure sensors, and IMUs for percep-
tion. All computation runs onboard the robot using a 4-core
Intel Atom processor.

Our work focuses on enabling MARL to learn high-
level decision-making for the NAO in cooperative tasks.
To facilitate the use of high-level policies, we make use
of separately implemented low-level perception and motion
capabilities by training without an end-to-end approach and
build upon the NAO behavior architecture developed by the
University of Bremen’s RoboCup team, B-Human [74]. This
behavior architecture provides the full capabilities required
to participate in the RoboCup Standard Platform League
competition including low-level modules that handle real-
time object detection, localization, and motor control and
high-level modules for team and individual robot behaviors
(Figure 2). Our focus in this work is to learn a policy that
replaces the high-level behavior modules that maps state
estimates to high-level decisions.

The state and action spaces are designed to maximize
the benefits of the abstract simulation and the existing
robot architecture. The state space S includes egocentric
representations of objects around the field represented by
AX,AY,cosf,sin 6. The agents action space A4 is given as
longitudinal movement, lateral movement, angular rotation,
and optionally kick or stand.

Fig. 3: High-fidelity simulation developed by the B-Human
RoboCup Team. Used for simulation experiments. Physics
are based on the Open Dynamics Engine [76].

B. Abstract Simulation

Since we focus on investigating the use of high-level
abstract simulators for MARL, in this section, we introduce
the abstract simulator (AbstractSim — Figure 1b) that we
used in this study to ground the following sections. We
note that AbstractSim is not part of our contribution and
instead it was developed independently for single-agent RL
use in the RoboCup competition [75]. We use it here as
a case study to evaluate the role of abstract simulations in
complex, multi-agent tasks. AbstractSim models the state and
transition dynamics of the world without explicitly modeling
how the physical robot estimates the state or carries out
actions. Object representations are also simplified with the
bipedal robots represented as rectangles with no agent-to-
agent collision dynamics. Both of these design decisions
impact the dynamics of both the robot and soccer ball we
use in our experiments. At every timestep the robot moves
precisely in the direction indicated by the policy, abstracting
away complexities such as momentum and gait and ignoring
all dynamics of legged movement. Ball dynamics are also
simplified. The ball moves at a consistent speed and direction
upon contact and decelerates at a fixed rate.

For MARL, AbstractSim offers two key benefits. First,
the simplifications facilitate faster training which makes it
easier to iterate on the MARL training approach (e.g., tuning
the reward function and training set-up). In comparison to
our high-fidelity simulation (Figure 3), AbstractSim runs 30x
as fast. Second, it reduces the need for accurate robot and
environment models. The key challenge — that we address
next — is that AbstractSim has a potentially large reality
gap which hinders direct policy transfer. The reality gap
arises from the significance difference between the simplified
dynamics of AbstractSim and the complex dynamics of the
real world. Concretely, with our initial version of the simula-
tor, agents failed to learn effective cooperative behaviors or
even simple single-agent behaviors. In the next section, we
describe the key techniques that enable the use of MARL and
our AbstractSim to train cooperative policies for the physical
robots.

V. INGREDIENTS FOR MULTI-AGENT ABSTRACT
SIM2REAL

To successfully apply MARL in an abstract simulator, we
identify three categories of changes to the simulator and



Full MARL  Large Realistic No Ball Noise
F) Displacement Agent  Size N)
(E) (T)

BS 1 0.90 £ 0.2 0.70 £ 0.3 0.20 £ 0.3 0.10 £ 0.2
BS 2 1.00 £ 0.0 0.70 £ 0.4 0.50 £ 0.4 0.90 £0.2
BS 3 0.80 +£0.3 0.60 £0.4 0.30+0.4 0.30 £ 0.4
D1 0.50 £ 0.4 0.00 £ 0.0 0.40 £0.4 0.10 £0.2
D2 1.00 £ 0.0 0.80 £0.3 1.00 £ 0.0 0.30 £ 0.4
D3 0.80 + 0.3 0.90 + 0.2 0.70 £ 0.4 0.00 £ 0.0

(a) Success Rates for Basic and Defender Physical Robot Experi-
ments. Higher is better.

Full MARL  Large Realistic No Ball Noise
(F) Displacement Agent  Size N)
(E) (T)

BS 1 45.78 £ 8.1 43.14 + 4.9 39.50+1.0 60.00 4+ 0.0
BS2 | 243088 24.86+6.4 37.60 + 8.9 39.44 + 5.8
BS3 43.75+£5.6 37.00+ 54 55.00% 3.0 49.67 £9.2
D1 40.60 £ 12.3 N/A 54.25 + 4.8 56.00 + 0.0
D2 23.50 + 3.0 22.00+ 2.7 35.50+5.2 45.67 £+ 20.3
D3 39.00 &+ 8.5 32.22+35 32.22+35 N/A

(b) Time to Score for Basic and Defender Physical Robot Experi-
ments. Lower is better.

Fig. 4: Physical robot experiment results. F are full methods. E are fidelity enhancements. T are training optimizations. N
are noise. Our full method is Full MARL. Each column provides an experiment location for either the Basic Soccer (BS)
task or the Defender (D) task. Number of trials is 10. 95% confidence intervals computed using the Student t-distribution.

training procedure that enable successful policy transfer.

A. Simulation Fidelity Enhancements

Some degree of realism is required to enable policy
transfer even when the simulation is an intentionally abstract
model of the world so we first consider modifications that
improve the realism of world dynamics. We found that
increasing the realism of the simulation is beneficial only
to the extend that it is necessary for training cooperative
behaviors. Overly complex simulations can increase learning
difficulty without improving policy transfer. Therefore, we
identify a small set of modifications that make key details
more realistic.

Concretely, we modify the simulated agents’ speed to
match the physical robots’ speed. From the initial Ab-
stractSim, we lowered the robot’s angular and translational
velocity movements. These modifications aim to reduce the
reality gap between the abstract simulator and reality by
improving the accuracy of the dynamics to the real world.

Contrary to the assumption that increased realism always
enhances real-world performance, we observed that in some
cases, decreasing certain elements of realism in the simula-
tion actually improved the physical robots’ performance. We
term these counterintuitive simulation adjustments Training
Optimizations.

B. Training Optimizations

The objective of our method is to maximize performance
on real robots, which requires both effective MARL in
simulation and effective sim2real transfer. A counterintuitive
observation is that some changes — designed to increase
realism and promote transfer — led to MARL failing in
AbstractSim. Consequently, the policies we obtained were
not performant on the physical robot. We observe that too
much realism can make the simulation overly complex or
challenging, hindering the learning process and leading to
overfitting in simulation. Therefore, it is sometimes benefi-
cial to make changes that decrease realism so as to balance
trainability with transferability.

Concretely, we modified three aspects of our simulator to
less closely match the physical world: robot size, goal size
and the time to kick. First, we increased the robot size to
about four times the size of a real NAO which increased the

ball-robot contact distance. Second, we decreased the goal
size to force precision when kicking into the goal. Finally,
we removed any time delay during kicking. It takes about
one second for the physical robots to kick the ball, but
during training, we remove this delay as it hinders learning.
These modifications, while seemingly counterintuitive, seek
to address the reality gap by encouraging the learning of
more robust policies that are less sensitive to the dynamics
of the simulation environment.

C. Simulation Stochasticity

Even when it is beneficial to make an abstract simulator
more realistic, there are limits to how realistic we can make
the simulation without significantly increasing its complex-
ity. Accurately modeling complex real-world dynamics like
robot-to-ball contact would require details models of the
robots and world kinematics which would increase com-
plexity and possibly hinder learning. Instead of increasing
realism, we propose to increase robustness by adding noise
into hard to model dynamics. This type of randomization
is sometimes used as part of domain randomization for
sim2real.

Concretely, we considered two uses of noise with our
platforms. First, during training, we add noise to robot-ball
contact during a push contact but not a kick, as our robots
have precise kicking capabilities. We add uniform noise as
we observe highly stochastic motion following contacts on
the physical robots. We also explore the use of noise to
encourage robustness to error in localization on the physical
robot. We do so by adding noise to the observations of the
robot during training.

By introducing noise into the simulation, we increase the
variability of the environment and encourage the learning of
more robust policies that are less sensitive to the uncertainties
of the real-world.

VI. EXPERIMENTAL ANALYSIS

We now present an empirical study designed to answer
the questions:

1) Can multi-agent robot control policies trained in an

abstract simulator transfer directly to physical collab-
oration tasks?



Full MARL  BHuman (F) Large Dis- Small Dis- Large Angle  Realistic Realistic Kicking No Ball  With Obser-
F) placement placement Displace- Agent Size Goals (T) Time (T) Noise (N) vation Noise
(E) (E) ment (E) (T) N)
BS 1 0.88+0.1 0.87+0.1 0.66 + 0.1 0.62 +0.1 0.75+0.1 0.71 +0.1 0.83 £0.1 0.54 £ 0.1 0.39 £ 0.1 0.74 £0.1
BS 2 1.00+0.0 1.00£0.0 0.89+0.1 0.74 £0.1 0.99 £ 0.0 0.82+ 0.1 0.98 £ 0.0 0.97 £ 0.0 0.96 £ 0.0 0.88 £0.1
BS 3 0.97 £ 0.0 0.99+0.0 0.80£0.1 0.51 £0.1 0.71£0.1 0.76 £ 0.1 0.92 £ 0.1 0.11 £ 0.1 0.50 £ 0.1 0.80 £ 0.1
D1 0.84+0.1 0.69+0.1 0.44 £ 0.1 0.00 £ 0.0 0.01 £ 0.0 0.05 + 0.0 0.13£0.1 0.33+£0.1 0.02 £ 0.0 0.12+0.1
D2 0.79 £0.1 0.93+0.1 0.21+£0.1 0.04 £ 0.0 0.81 £0.1 0.68 + 0.1 0.20 £ 0.1 0.82 £+ 0.1 0.89 £0.1 0.13£0.1
D3 0.80 £ 0.1 0.98+ 0.0 0.66=+0.1 0.00 £ 0.0 0.71+£0.1 0.46 + 0.1 0.53+0.1 0.65+ 0.1 0.18£0.1 0.46 £ 0.1
(a) Success Rates for Basic and Defender Simulation Experiments. Higher is better.
Full MARL  BHuman (F) Large Dis- Small Dis- Large Angle  Realistic Realistic Kicking No Ball  With Obser-
(F) placement placement Displace- Agent Size Goals (T) Time (T) Noise (N) vation Noise
(E) (E) ment (E) (T ™N)
BS 1 36.50+1.7 81.42+ 1.7 42.04+1.5 41.62+2.0 42.66+1.8 32.65+1.6 36.55+1.7 45.48+2.3 49.15+2.1 39.45+1.9
BS 2 16.42+1.3 11.28 £ 0.7 18.30£1.3 20.96+1.5 17.48+0.6 21.45+1.6 19.78+1.1 23.65+1.8 24.07+1.4 19.47+£1.5
BS 3 33.56+1.2 21.34+1.1 38.944+2.3 37.22+2.8 42.65+2.2 41.05+1.7 46.62+1.1 52.45+4.3 51.96+1.6 34.00+1.5
D1 34.144+1.7 29.79 + 2.1 45.064+2.9 37.224+2.8 57.00+0.0 52.80+5.4 43.69+4.1 45.58+3.4 54.004+2.0 43.58+3.9
D2 34.74+2.5 1423 £1.4 32.81+4.0 59.00+1.1 30.99+2.0 52.01£1.6 36.95+4.4 43.224+2.0 46.27+1.9 36.54+6.0
D3 33.23+1.9 20.40 £1.0 40.66%3.1 37.224+2.8 34.22+2.1 47.93+2.7 29.85+2.0 47.22+2.1 49.56+3.8 28.39+2.0
(b) Time to Score for Basic and Defender Simulation Experiments. Lower is better.
Fig. 5: Simulation experiment results. F are full methods. E are fidelity enhancements. T are training optimizations. N are

noise. Our full method is Full MARL. Each column provides an experiment location for either the Basic Soccer (BS) task
or the Defender (D) task. Number of trials is 100. 95% confidence intervals computed using the Student t-distribution.

2) Which parts of our methodology are most critical for
enabling transfer?

A. Empirical Setup

To answer our empirical questions, we train policies in
abstract simulation and then evaluate them on both physical
robots and using a high-fidelity simulation as a surrogate for
real world evaluation. In this subsection we detail the training
setup and provide empirical results.

We consider our fullMARL training method to be: tuned
agent displacement, large training agents, small training
goals, no kicking time and ball-robot contact noise. To
understand the impact of each component of our fullMARL
method, we conduct an ablation study where we remove one
component while keeping the other components unchanged.

For testing, we construct two cooperative tasks based on
the robot soccer domain and measure performance based on
success rate and time to score:

1) Basic Soccer. Our first task, which we call basic
soccer, has two robots and a ball on an empty field.
During evaluation, we configure the start location of
the robots such that performance is higher when they
cooperate.

2) Static Defender. The second task adds a non-moving
defender robot that is set either between a robot and the
ball or a robot and the goal. The addition of this robot
introduces an obstacle that makes it more difficult to
learn cooperative behaviors.

In both tasks, we consider three initial configurations for
evaluation which emphasize cooperative behaviors (Fig-
ure 6).

On the physical robots we run the our suite of experiments
with our fullMARL method along with one method from
each ingredient category (Section V). Physical robot experi-
ments are costly to run, so we supplement them with high-
fidelity simulation experiments. The high-fidelity simulation,

developed by the B-Human team, closely matches the real-
world performance of our policies (Figure 3). In simulation
we also compare our results to a RoboCup-winning architec-
ture developed by B-Human, the same group that created the
underlying localization and movement modules. We do note
that while our policies perform at the level of the B-Human
behavior in our testing, our evaluation is just one step toward
robust behaviors that handle the complexities of robot soccer
as effectively as their code does.

For policy training, we use the StableBaselines3 [77]
implementation of Proximal Policy Optimization (PPO) [78]
and use the SuperSuit [79] library to enable MARL training.
We use independent learning as the MARL approach in the
abstract simulator and policies are trained with shared neural
network weights which speeds up training time [80].

B. Experimental Results

Here we analyze our real robot and simulation experiment
results.

1) Simulation Fidelity Enhancement Analysis: In both
simulations and physical robots, we observe that an imprecise
training walk speed negatively impacts the success rate.
Specifically, the large training displacement caused the robot
to score 0% of the time in the static defender analysis setting
since the robot kicked the ball out of bounds on every
run. In the static defender simulation, both small training
displacement and large angle displacement performed 40%
worse than large training displacement, achieving about a 0%
success rate. Overall, all three changes to the displacement
lowered the success rate by at least 15% and at most 80%.
These findings show the importance of careful tuning of
parameters to ensure the simulated motion closely matches
the real-world motion dynamics.

2) Training Optimization Analysis: In our training opti-
mization analysis, the realistic agent size performed signif-
icantly better in the static defender task, likely because the
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Fig. 6: Analysis locations for basic soccer task and defender
task. (Left) Basic soccer task. (Right) Static defender task.

large agents in simulation encouraged the robot to maintain
a farther distance to other robots. In simulation, the realistic
agents, realistic goal sizes performed well on the basic soccer
task but very poorly on the static defender task. This suggests
that these modifications help especially in more challenging
scenarios. Lastly, for the no kicking time modification, we
see less than a 50% success rate in both the basic soccer
and static defender tasks. Qualitatively, this is due to the
difficulty in learning to kick the ball and instead pushing it
due to the kicking delay. These findings show the need for
careful consideration of training optimizations due to their
potential large impact for on-robot performance.

3) Simulation Stochasticity Enhancement Analysis: We
consider two types of noise to add stochasticity to our
simulation. The first and more impactful of the two is ball
contact noise. Quantitatively, this method failed 9 out of
10 times on both physical robot tasks. Qualitatively, it only
kicked the ball once throughout all the trials. When observing
in AbstractSim, the agents rarely kick which suggests that
without contact noise, the agents overfit to the optimized
dynamics of AbstractSim and learn that pushing the ball is
a consistent method of scoring goals. This result holds in
both simulation domains, as the method does not achieve
above a 40% success rate. Observation noise is less impactful
but does hurt performance. This suggests that our underlying
localization module is robust enough that adding noise during
training hurts understanding of the ball location.

These results demonstrate that multi-agent robot control
policies can be successfully trained in an abstract simulator
and transferred to physical robot collaboration tasks but only
when the environment is correctly designed. The ablation
study shows the critical importance of accurate simulation
for motion and the correct selection of training optimizations
and simulation stochasticity.

VII. DISCUSSION AND FUTURE WORK

Our empirical study demonstrates the feasibility of using
highly abstract simulations for MARL training of cooperative
control policies for physical robots. In order to cross the
reality gap from the abstract simulator, we identified three
categories of simulator and training modifications that enable
transfer from abstract simulation to reality. Our physical
robot experiments revealed that ball noise was the most
impactful change. The use of ball-robot contact noise likely
helped the agent avoid overfitting to the simplified abstract

dynamics and underscores the critical importance of intro-
ducing simulation stochasticity to coarsely model contact
dynamics.

While all three categories contributed substantially to
successful sim-to-real transfer, of particular interest are the
Training Optimizations, which yielded some of the most
intriguing results. These optimizations, counterintuitively,
involved reducing certain aspects of simulation realism to
enhance real-world performance. This approach not only im-
proved transfer success but also challenged our assumptions
about the relationship between simulation fidelity and real-
world effectiveness.

While a promising initial step toward the use of abstract
simulators to develop multi-robot systems, we identify sev-
eral limitations and directions for future work. First, the
scenarios we used involved two robots cooperating and only
required basic levels of teamwork. In the future, we plan
to extend the use of abstract simulation for MARL training
of teams of 5 robots to play against 5 other robots as
used in the RoboCup SPL competition. This direction will
require the study of sim2real in the presence of adversarial
agents. Second, our method relies on existing lower level
perception, localization, and control modules. The success
of the decision making is contingent on the accuracy of
the localization and movement control of the agent. This
limitation is seen in the failure cases of our Defender task.
The robot is unable to detect the defending robot and this
results in a failed run. This limitation is increasingly less
of an issue as many robotics systems ship with competent
movement and perception code. Third, in this paper we
manually selected the fidelity and training improvements. In
the future, we aim to automate their selection. Finally, future
work should consider the theoretical foundation of what
creates a training or fidelity improvement. This foundation
would provide deeper insight into the understanding of why
some simulation aspects improve performance with less
accurate world-modeling.

VIII. CONCLUSION

In this work we presented a method to enable teamwork
on physical robots using MARL and abstract simulation.
Starting with a base abstract simulator, we identified key
simulator adjustments that enabled effective MARL and
subsequent sim2real transfer. We conducted an extensive
ablation study to identify the key components that signifi-
cantly impact the success of our teamwork in the domain
of robot soccer. These components fall into three categories:
fidelity enhancement, training optimizations, and simulation
stochasticity. Our findings demonstrate that our method suc-
cessfully enables teamwork on physical robots in the robot
soccer domains and compares favorably to a state-of-the-art
behavior architecture designed for the RoboCup competition.
These findings show that MARL can be an effective tool for
developing cooperative robot behaviors even without the use
of high-fidelity simulation.
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