
capturing symmetries for computer vision tasks. Expanding
these ideas, a general framework for implementing E(2)-
equivariant networks was developed in [21]. These approaches
have been extended to vision-based robotic manipulation tasks
in [22], [23], where embedding equivariance into Q-functions
and policies of RL significantly enhanced learning efficiency.
In [24], SO(2)-equivariance was utilized by combining Con-
servative Q-Learning (CQL) and Implicit Q-Learning (IQL)
with symmetry-aware models. Additionally, in [25], [26],
Markov Decision Process (MDP) homomorphic networks were
introduced to exploit symmetries in the joint state-action space
of MDPs, specifically reflectional and rotational equivariance,
to reduce sample complexity.

In applications to the quadrotor dynamics, equivariant RL
models have demonstrated substantial improvements in sample
efficiency and policy generalization. In [27], a symmetry-
informed model-based RL approach was proposed for the
attitude control of the quadrotor, leveraging the symmetry of
angular velocity and torque with respect to body-fixed planes.
Furthermore, in our previous work [28], we developed an S1-
equivariant RL framework for quadrotor low-level control that
directly maps the quadrotor’s state to motor control signals.
Specifically, we identified a rotational symmetry, where the
optimal control represented in the body-fixed frame remains
invariant under rotations about the gravity direction. This
structural property was then embedded into an actor-critic
architecture, reducing the dimensionality of the training data
by one.

Building on these recent advancements in equivariant RL,
this study introduces novel monolithic and modular equiv-
ariant RL frameworks for the data-efficient training of low-
level quadrotor control policies. By leveraging the inherent
symmetries of quadrotor dynamics, the proposed methods
eliminate redundancies in learning and accelerate convergence.
Specifically, we present two equivariant RL frameworks: the
monolithic equivariant RL that incorporates rotational sym-
metry, and the modular equivariant RL that exploits both rota-
tional and reflectional symmetries for enhanced yaw control.
Notably, the modular framework not only improves training ef-
ficiency but also addresses the limitations of monolithic archi-
tectures in handling coupled control objectives. Experimental
results demonstrate that the proposed frameworks outperform
non-equivariant baselines in terms of learning convergence and
control robustness within a given training period. This study
advances the state-of-the-art in RL-based quadrotor control
and establishes a foundation for extending geometric RL
methods to other robotic systems with underlying symmetries.

In short, the main contributions of this work are as follows:
1) We develop data-efficient monolithic and modular rein-

forcement learning frameworks for quadrotor low-level
control by exploiting group-equivariant neural networks
that respect the rotational and reflectional symmetries
of the quadrotor dynamics, where the generalization ca-
pability is naturally encoded. This approach reduces the
dimensionality of sample trajectories, thereby enhancing
convergence rates.

2) We compare monolithic and modular architectures, high-
lighting that the modular design, which decouples trans-
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Fig. 1. Illustration of the group action corresponding to the rotation about the
vertical axis e⃗3. A group element g ∈ SO(3)e⃗3 (green), which corresponds to
SO(2) embedded in SO(3) as a subgroup by fixing the axis of rotation as e⃗3,
acts on a quadrotor state s (purple) by rotating it to a new state g·s (blue). The
orbit of s under this action, denoted by G ·s, is the set of all points reachable
by rotations about e⃗3, and its projection on the position space corresponds to
a circle (red). In the proposed equivariant RL, the control policy learned at a
single point on the orbit is automatically generalized to any other points on
the orbit.

lational and yaw dynamics, significantly enhances both
tracking accuracy and learning efficiency.

3) We demonstrate the superiority of the proposed equivari-
ant frameworks over traditional non-equivariant counter-
parts through numerical simulations and real-world flight
experiments.

The remainder of the paper is structured as follows. Sec-
tion II introduces the background of RL and equivariance
learning, and Section III explores symmetries in the quadrotor
dynamics. Next, in Section IV, the proposed equivariance
monolithic and modular RL frameworks are introduced. Fi-
nally, experimental results and conclusions are presented in
Sections V and VI, respectively.

II. BACKGROUNDS

A. Reinforcement Learning Problems

In reinforcement learning, a decision-making agent aims
to learn a policy through interactions with an environment,
guided by reward signals. Markov Decision Process (MDP)
serves as the mathematical foundation for modeling RL prob-
lems. It is defined by the tuple (S,A,R, T , γ), where S and A
denote state and action spaces, respectively. Next, the reward
function R : S × A → R maps state-action pairs to scalar
reward values, defined by r(t) = R(s(t), a(t)) at time t. The
transition probability function, T : S × A → P(S), defines
the distribution p(s(t+1)|s(t), a(t)) of the new state s(t+1)
at t+ 1, given a current s(t) under an action a(t).

The goal of RL agents is to find an optimal policy
π∗(a(t)|s(t)) that maximizes the expected discounted return,

J(π) = Eτ∼π[

∞∑
k=t

γk−tr(s(k), a(k))], (1)

where γ ∈ (0, 1) is a discount factor for the temporal decay
of future rewards, and τ = {s0, a0, s1, a1, . . .} denotes a


