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(b) TD3
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(c) SAC

Fig. 5. Benchmarks of four RL frameworks trained with (a) PPO, (b) TD3, and (c) SAC RL algorithms. Each plot depicts the learning curves for Mono-MLP
(green), Mono-EMLP (blue), Mod-MLP (orange), and Mod-EMLP (red).

timesteps over 10 test trajectories without exploration noise.
The curves are smoothed using an exponential moving average
with a smoothing weight of 0.85, where solid lines and shaded
areas represent the mean and the 2σ bounds across random
seeds, respectively.

Equivariance vs. Non-equivariance: These results
demonstrate that both EMLP-based models, Mod-EMLP
(red) and Mono-EMLP (blue), converge faster and achieve
higher returns than their respective MLP-based counterparts,
Mod-MLP (orange) and Mono-MLP (green). This underscores
the advantage of leveraging equivariant learning mechanisms,
which enable RL models to capture the inherent symmetries
of the quadrotor control problem, thereby enhancing sample
efficiency and generalization capability. Notably, Mod-
EMLP outperforms all other frameworks early in training,
achieving the highest returns with fewer samples. In contrast,
the MLP-based architectures, Mono-MLP and Mod-MLP,
exhibit slower learning rates and require more timesteps to
achieve comparable rewards, highlighting the limitations of
non-equivariant configurations for complex control tasks.

Monolithic vs. Modular: By incorporating equivariant
learning within a modular design, Mod-EMLP achieves the
most efficient policy learning, resulting in superior early-stage
performance. This demonstrates the advantage of the modular
frameworks (red and orange), where two agents learn trans-
lational and yawing motions in parallel, accelerating conver-
gence and enhancing flight performance. Conversely, mono-
lithic architectures (blue and green) show slower progress
compared to their modular counterparts, leading to suboptimal
performance and overfitting during extended training periods.
This slower convergence is likely due to the inherent challenge
of training monolithic policies, which require simultaneous
learning of all control aspects.

C. Flight Experiments

To evaluate the flight performance of the proposed equiv-
ariant reinforcement learning frameworks, we compared their
performance with their non-equivariant baselines through a
series of flight experiments in both numerical simulations and
the real world.

Frist, we developed the simulation environment in Python
based on the quadrotor equations of motion (7)–(10), which
are discretized using a numerical integration scheme using
the OpenAI Gym library [37], a popular toolkit for RL

Fig. 6. Experimental setup for indoor flight testing at the Flight Dynamics
and Control Lab, GWU. A custom-designed quadrotor UAV, developed for
sim-to-real transfer, is tracked by a 12-camera Vicon Valkyrie VK-8 motion
capture system. Position and attitude measurements are transmitted to the on-
board NVIDIA Jetson TX2 at 200 Hz via Wi-Fi.

training environment development. The PPO, TD3, and SAC
algorithms were implemented using PyTorch [38] for efficient
training and deployment of RL models. The simulator operates
at a frequency of 200 Hz, matching the real-world setup to
facilitate the seamless transfer of policies from simulation to
hardware.

Next, a hardware platform was developed in the Flight
Dynamics and Control Lab to deploy and test trained RL
control policies in real-world environments, integrating a
flight computer, sensors, and actuators. Connections between
these components are facilitated by a custom-designed PCB,
ensuring proper voltage regulation and signal integrity. An
NVIDIA Jetson TX2 serves as the onboard flight computer,
managing sensor data processing, state estimation, and con-
trol computations. For motion measurement, a Vicon motion
capture system with twelve Valkyrie VK-8 cameras tracks
reflective markers on the quadrotor frame for precise position
and attitude estimation during indoor tests, transmitting data
to the onboard computer via Wi-Fi at 200 Hz. Additionally, a
VectorNav VN100 inertial measurement unit (IMU) provides
acceleration and angular velocity data at 200 Hz. The ac-
tuator system comprises four T-Motor 700KV brushless DC
motors paired with MS1101 polymer propellers, powered by a
14.8V 4-cell LiPo battery. Motor commands are sent via I2C
communication to MikroKopter BL-Ctrl v2 electronic speed
controllers (ESCs), which regulate motor speeds effectively.

In addition, the custom flight software was designed for
robust and reliable operation, consisting of sensor processing,


