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Abstract. While reinforcement learning (RL) has been used to solve
complex strategic and adversarial games in simulation, its application
to games played in real-world maritime environments is lacking. This
can be partially attributed to the scarcity of learning-compatible mar-
itime simulators with an easy-to-use pipeline to deploy learned policies on
hardware. To address the lack of such a tool, we introduce Pyquaticus,
a Python-based simulator and pipeline for training and deploying RL
policies for multi-agent maritime strategy games. Pyquaticus conforms
to RL Gymnasium standards, and handles communication with MOOS-
IvP middleware to enable rapid training, testing, and deployment on
MOOS-compliant vehicles. We demonstrate the Pyquaticus pipeline by
deploying a learned policy for maritime capture-the-flag in simulation
and on uncrewed surface vehicles.
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1 Introduction

Reinforcement learning (RL) has shown a great ability to train agents to play
strategic and adversarial games in simulated environments [11,18,1]. As ma-
rine robotics has improved, it is now possible to play these games in real-world
maritime environments using uncrewed surface vehicles (USVs); one example of
a complex, strategic, and adversarial game is multi-agent capture-the-flag [17].

* Authors contributed equally.

DISTRIBUTION STATEMENT A. Approved for public release. Distribution is unlimited. This material is based
upon work supported by the Under Secretary of Defense for Research and Engineering under Air Force Contract
No. FA8702-15-D-0001 or FA8702-25-D-B002. Any opinions, findings, conclusions or recommendations expressed
in this material are those of the author(s) and do not necessarily reflect the views of the Under Secretary of
Defense for Research and Engineering. (© 2025 Massachusetts Institute of Technology. Delivered to the U.S.
Government with Unlimited Rights, as defined in DFARS Part 252.227-7013 or 7014 (Feb 2014). Notwithstanding
any copyright notice, U.S. Government rights in this work are defined by DFARS 252.227-7013 or DFARS 252.227-
7014 as detailed above. Use of this work other than as specifically authorized by the U.S. Government may violate
any copyrights that exist in this work.



2 Peter Crowley et al.

However, the lack of an open-source, flexible, and easy-to-use sim-to-real pipeline
makes it difficult to train and deploy RL policies on real maritime hardware. Past
research analyzing common maritime simulators from an RL perspective [7] has
found that some are able to provide high fidelity simulation and Gymnasium-
like interfaces, but either did not have native support for sim-to-real pipelines
using common robotic middleware [15, 3] or did have sim-to-real support at the
expense of communication latency, making RL training more difficult [21]. Out-
side of the maritime field, DARPA’s Alpha Dogfight [5] successfully transitioned
policies from simulation [14] to physical aircraft [6], but did not establish a clear
standard for sim-to-real pipelines that could be adapted for marine applications.

To facilitate advances in RL for the rapidly growing field of maritime auton-
omy, we introduce Pyquaticus, a flexible, modular, and scalable Python-based
simulator and pipeline for training, testing, and deploying policies for multi-agent
maritime strategy games. We validate the Pyquaticus pipeline with real-world
maritime capture-the-flag (MCTF') experiments on USVs. The results of these
experiments inform our approach to closing the sim-to-real gap through more
accurate modeling of real-world dynamics and gameplay nuances, as well as the
incorporation of observation history utilities.

2 Pyquaticus Simulator and Pipeline

Pyquaticus is a lightweight and flexible MCTF simulator with an easy-to-use
pipeline for transitioning learned policies from simulation to real-world USVs.
The MCTF playing field can be defined as a rectangle in Cartesian space, or
alternatively can be anchored to a location on the world map with latitude and
longitude bounds. In the latter case, obstacles are automatically generated based
on topographical features from OpenStreetMap [12]. Additional obstacles can be
specified by the user. To streamline RL integration, Pyquaticus implements the
PettingZoo [19] parallel API, a Gymnasium-standard [20] interface for multi-
agent RL. Example scripts for training an RL policy with RLLib [10] are included
in the Pyquaticus GitHub repository!. Multiple observation space options are
available, including agent-centric observations in local coordinate frames, lidar-
like partial observations with semantic labels, and the global state in the world
frame, all with built-in support for recording and returning histories. These
observation settings are customizable with parameters such as lidar density and
range, as well as history-specific options like length and sampling interval. The
Pyquaticus environment supports both discrete and continuous action spaces.
The discrete action space includes 17 actions, each representing a tuple of desired
speed and relative bearing: one action with zero speed, and 16 actions generated
by combining two speed levels (50% and 100% of an agent’s maximum speed)
with eight relative bearings spaced at 45° intervals, covering the range from
—135° to 180°. The continuous action space accepts any tuple consisting of a
desired speed in the range [0, max speed] m/s and a relative bearing in the range
[—180°, 180°].

! https://github.com/mit-1l-trusted-autonomy /pyquaticus
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The Pyquaticus repository includes heuristic-based policies that function
both as MCTF baselines, and opponents for RL agents to train against. These
baseline policies are agnostic to the environment configuration and have de-
fensive, offensive, and mixed behaviors at multiple difficulty levels. Wrappers
are provided to use these baselines as opponents when training with RLLib.
The repository also includes a waypoint-following policy that uses RRT* [8] for
route planning in environments with obstacles. Users can create custom heuris-
tic policies by extending the BaseAgentPolicy class. In addition to base poli-
cies, Pyquaticus includes several prebuilt agent dynamics models for simulating
real-world maritime robots such as the Clearpath Heron and the SeaRobotics
Surveyor. Users can implement custom agent dynamics by extending the base
Dynamics class.

To enable rapid, distributed real-world deployment of policies learned in
the Pyquaticus simulator, we developed PyquaticusMoosBridge (the bridge).
An instance of the bridge runs on each robot’s backseat computer, connecting
a policy implemented in Python with MOOS-IvP middleware also running on
the backseat computer. Specifically, the bridge uses PyMOOS [16] to subscribe
and publish to the robot’s MOOS Database (MOOSDB). The bridge registers
for variables containing game state information in the MOOSDB and converts
them into an observation in the Pyquaticus format. The policy uses this ob-
servation to choose an action, which is then published via the bridge to the
robot’s MOOSDB for execution. The PyquaticusMoosBridge class inherits from
PyQuaticusEnvBase, a shared superclass of the full PyQuaticusEnv environ-
ment. PyQuaticusEnvBase includes common helper functions for handling ob-
servations and actions, and itself inherits from PettingZoo’s ParallelEnv class.
As a result, PyquaticusMoosBridge adheres to the PettingZoo API and shares
the same core attributes as the full PyQuaticusEnv. Pyquaticus’ consistent
APT usage and automated MOOS communication enable rapid deployment of
Pyquaticus-trained policies on MOOS-compliant hardware. The Pyquaticus sim-
ulation environment and Pyquaticus-MOOS bridge create a sim-to-real pipeline
that is easily adaptable to other multi-agent maritime strategy games beyond
MCTF.
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Fig.1. The PyquaticusMoosBridge enables plug-and-play policy transfer from
Pyquaticus to MOOS-IvP simulation and real-world MOOS-compatible USVs.
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3 Experiments

To test our Pyquaticus pipeline, we first used the Pyquaticus PettingZoo envi-
ronment to train a policy with Behavioral Cloning (BC) [13] for 2v2 MCTF. BC
is an imitation learning algorithm that takes a set of human demonstrations of
a task as input and uses supervised learning to train a neural network to model
the demonstrator policy. As shown in Fig. 2, the MCTF playing field is set up
such that a scrimmage line divides the field into 2 sides (one for each team). A
flag is initialized on each side, and the goal of each team is to retrieve the oppo-
nent’s flag while protecting the team’s own flag from capture. The game is won
by the team with the most flag captures at the end of a given amount of time.
To grab an opponent’s flag, an agent must come within a certain distance of the
flag (the flag region). To defend its team’s flag, an agent can tag an opponent
when it comes within a certain distance of the opponent and both agents are
on the tagging agent’s own team’s side. When tagged, an agent must navigate
directly back to its team’s flag region, and it cannot participate in other game
behaviors until it arrives there. A tagging cooldown time is imposed so that an
agent must wait a certain duration of time after executing a tag before it can
tag again. In our experiments, we used a field size of 160m x 80m, a tagging and
flag region radius of 10m, and a tagging cooldown time of 30s.

We used the Pyquaticus simulator to collect 50 demonstrations of 2v2 MCTF
in which a human team played against a team of autonomous agents all running
the Heuristic_CTF_Agent from the Pyquaticus repository’s library of baselines.
In these games, the agents were all set to the prebuilt Heron agent from Pyquati-
cus which models the dynamics of the Clearpath Robotics Heron USV and im-
plements a speed and heading-error PID controller from MOOS-IvP software.
After training on these demonstrations, the BC policy won 99/100 games against
the Heuristic_CTF_Agent baseline in the Pyquaticus simulator. While we used
BC as the learning paradigm in these experiments, the Pyquaticus pipeline is
compatible with a wide variety of machine learning algorithms—particularly re-
inforcement learning—because it conforms to the Gymnasium-standard API.

We then deployed the learned and baseline policies in MOOS-IvP simulation,
with each agent using an instance of the PyquaticusMoosBridge class to con-
nect to its corresponding vehicle in the simulation. This allowed us to verify that
the policies could properly send actions to and receive state information from
MOOS-IvP middleware via the bridge, and therefore were deployable on hard-
ware. Finally, we tested the policies against each other on a real-world MCTF
testing platform on the Charles River, as shown in Fig. 2b and Fig. 2c. We
ran a set of 2v2 MCTF games with Heron USVs which run MOOS-IvP and
the PyquaticusMoosBridge locally on a backseat Raspberry Pi 4. Actions and
commands sent from the bridge to the agent’s MOOSDB are communicated
via MOOS to the Heron’s frontseat computer for execution on the vehicle. The
vehicles use 2.4 GHz radios to communicate with a shoreside computer via a
shoreside antenna. The shoreside computer processes GPS information from the
vehicles, manages tag requests and flag grabs, and sends up-to-date game state
information to each agent. We report results from these games in Table 1. For
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other experiments using this pipeline, see [2,4]. Further experiments are under-
way to validate RL policies trained in Pyquaticus on real-world USVs [9]. These
tests involve 3v3 MCTF games using the SeaRobotics Surveyor vehicle, whose
dynamics model is included in the Pyquaticus repository.

Table 1. Real-World MCTF Experimental Results. The game events are key actions
performed by each team on the other (e.g., flag capture means the team captured the
other team’s flag). Starred numbers indicate the best performance in the event type
for the particular game.

Game Game Game Events
Number | Duration | Flag Captures Flag Grabs Tags
(seconds) | BC | Baseline | BC | Baseline | BC | Baseline
1 848 1 2" 2 4" 6* 1
570 2" 1 2 2 5 1
3 891 2 2 3 3 6" 1

4 Main Experimental Insights

Sim-to-Real Gap: The strategy the BC policy learned from human demonstra-
tions was to exploit the offensively aggressive nature of the heuristic baseline by
luring both opponents onto offense and then trapping and tagging them with a
single agent. Meanwhile, the second agent flanks the opponent’s flag region and
eventually grabs and captures the flag once the defenders are neutralized by its
team member. As shown in Fig. 2, the Pyquaticus pipeline demonstrated effec-
tive sim-to-real transfer of these strategies, with each policy (BC and baseline)
exhibiting comparable behavior between simulation and real-world deployments.
As shown in table 1, the one win, one tie, one loss record of the BC policy on
hardware demonstrates that it was able to compete with the heuristic baseline
(red team), but was not as clearly superior as it was in simulation. We attribute
the performance difference between simulation and hardware experiments to
real-world disturbances, such as currents and wind, and mismatch between the
simulated Heron model and the physical robot.

River Currents: On multiple occasions, we observed a BC agent getting
pushed out-of-bounds by the current while driving along the edge of the field to
go on offense. When an agent goes out-of-bounds, it is set to a tagged state and
must return home before it can re-join the game. We suspect the BC agents (blue
team) would have made more captures had this not been the case. When the
demonstrations for BC were originally collected in Pyquaticus, the environment
was configured such that agents would bounce off of the environment bound-
aries to keep them inside of the playing field. This meant that real-world agents
spent more time in a tagged state for an out-of-bounds event than the simulated
agents. To fix this inaccuracy in Pyquaticus for future experiments, we removed
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(b) Real-world policy execution 499 (c) Real-world policy execution 824
seconds into game 1 seconds into game 3

Fig. 2. Running the BC policy (blue team) against the heuristic baseline (red team) in
the Pyquaticus simulator and on the real-world Charles River testing platform. In (a)
each agent is shown at three different timesteps in the game. In (a), (b), and (c) the
blue team has retrieved the red flag. In (c) the red team has retrieved the blue flag. A
green ring or circle indicates a tagged agent.

the invisible walls keeping the agents in the playing field and added a drive-
back-in-bounds behavior that is triggered when an agent goes out-of-bounds. To
further address the drift problem, we have added the option to return history
observations in Pyquaticus, which was not supported at the time of these ex-
periments. Providing agents with historical game state information can better
enable a learning agent to infer and adapt to disturbances. In the future, we plan
to support both randomized and custom currents (modeled as vector fields) in
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the Pyquaticus simulator, enabling agents to learn to adapt to these real-world
disturbances.

Agent Dynamics: Another contributor to the sim-to-real gap that we dis-
covered as a result of these experiments was a mismatch between the Pyquaticus
Heron model and the real-world vehicle. As shown in Fig. 2b and Fig. 2c, the
vehicles are able to achieve their desired paths, but the inefficient sinusoidal na-
ture of the trajectories is indicative of chattering in the controller. While this
may have been partially due to finite actuator bandwidth, it was largely caused
by the BC policy oscillating between the extremes of its discretized action space
in an attempt to maintain a desired heading. To address this issue for future
experiments, we added support for the continuous action space, and updated
Pyquaticus to more accurately model the Heron dynamics and PID controller
by matching the latest versions of the MOOS-IvP uSimMarine and pMarinePID

apps.

5 Conclusions and Future Work

The PyquaticusMoosBridge class was the key to our efficient deployment of a
learned policy for MCTF on hardware. Specifically, it allowed us to test con-
nection and communications with MOOS-IvP middleware in simulation ahead
of time so that when we arrived at the testing site, we were able to successfully
launch an experiment without the extensive period of hardware communications
troubleshooting that is typical of robotics research. The plug-and-play nature
of our Pyquaticus pipeline allows for rapid experimentation which in turn ac-
celerates the process of closing the sim-to-real gap, and developing robust RL
algorithms for multi-agent maritime strategy games.

In the future, we plan to further narrow the sim-to-real gap by enhancing
simulation fidelity with features such as currents and communication limitations
(e.g., delays and dropped messages). We also intend to decouple the MCTF
game rules from the maritime simulator by providing a base PettingZoo mar-
itime simulator class that can be wrapped for specific scenarios, with an MCTF
wrapper included out of the box. This will enable flexible creation of new games
and scenarios that share the common simulator and sim-to-real pipeline.
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