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Abstract—Flight control for autonomous micro aerial vehi-
cles (MAVs) is evolving from steady flight near equilibrium
points toward more aggressive aerobatic maneuvers, such as
flips, rolls, and Power Loop. Although reinforcement learning
(RL) has shown great potential in these tasks, conventional
RL methods often suffer from low data efficiency and limited
generalization. This challenge becomes more pronounced in
multi-task scenarios where a single policy is required to master
multiple maneuvers. In this paper, we propose a novel end-to-
end multi-task reinforcement learning framework, called GEAR
(Geometric Equivariant Aerobatics Reinforcement), which fully
exploits the inherent SO(2) rotational symmetry in MAV
dynamics and explicitly incorporates this property into the
policy network architecture. By integrating an equivariant
actor network, FiLM-based task modulation, and a multi-head
critic, GEAR achieves both efficiency and flexibility in learning
diverse aerobatic maneuvers, enabling a data-efficient, robust,
and unified framework for aerobatic control. GEAR attains a
98.85% success rate across various aerobatic tasks, significantly
outperforming baseline methods. In real-world experiments,
GEAR demonstrates stable execution of multiple maneuvers
and the capability to combine basic motion primitives to
complete complex aerobatics.

I. INTRODUCTION

Recent years have witnessed a paradigm shift in au-
tonomous aerial robotics, moving beyond simple navigation
towards highly dynamic and aggressive aerobatic maneuvers
such as Multi-Flip and Power Loop[1]-[3]. This leap in
agility unlocks critical capabilities for rapid-response and
high-precision applications, including autonomous free-style
flight [2] and drone racing [4]. Learning-based methods have
been at the forefront of this push, achieving or even surpass-
ing human-level performance in complex flight tasks [5].

Current research in autonomous drone acrobatics follows
mainly two paradigms. The first paradigm is the conventional
planning-then-tracking approach [2]. This method uses dif-
ferential flatness and spatial-temporal joint optimization to
generate feasible trajectories. Controllers like Model Predic-
tive Control (MPC) or geometric controllers then track these
trajectories. This approach allows drones to perform complex
maneuvers and ensures safety in cluttered environments.

*Corresponding author

ICollege of Computer Science and Technology, Zhejiang University,
Hangzhou, China.

2WINDY Lab, School of Engineering, Westlake University, Hangzhou,
China. {guozhanyu, yinzikang, guoshiliang, zhaoshiyu} @westlake.edu.cn

3School of Automation Science and Electrical Engineering, Beihang
University, Beijing, China. zhugb@buaa.edu.cn

This work was supported by the Brain Science and Brain-like Intelligence
Technology — National Science and Technology Major Project (Grant No.
20227D0208800) and National Natural Science Foundation of China (Grant
No. 62473320)

979-8-3315-8160-2/26/$31.00 ©2026 IEEE

However, it faces computational challenges that prevent
real-time replanning. It also struggles with singularities at
extreme attitudes, which makes it less suitable for aggressive
aerobatic flight.

The second paradigm is the data-driven approach, which
directly learns a mapping from state and intention to low-
level commands [1], [3], [6], [7]. Early works adopted
imitation learning, requiring extensive expert demonstrations
to achieve human-level acrobatics, but struggled with gen-
eralization and scalability. Recent advances employ RL to
autonomously discover agile flight policies. Some methods
focus on mastering specific maneuvers such as Tic-Toc or
spin by rewarding the physical properties of acrobatics [6],
while others introduce waypoint-based intention encoding
to enable robust tracking of sequential aerobatic waypoints
in large-scale and dynamic scenarios [3]. However, these
RL systems typically rely on carefully engineered waypoint
sequences [3], restricting spontaneity.

To transcend these limitations, the multi-task reinforce-
ment learning (MTRL) is the logical next step. MTRL has
proven to be effective in learning policies in related tasks
using their shared structure such as Feature-wise Linear
Modulation (FiLM) layer and multihead network [8], [9].
In MAV control, MTRL has been used to develop unified
policies for diverse behaviors such as stabilization, trajectory
tracking, and aggressive racing, conditioned on the command
input [8], [10]. But this approach dramatically exacerbates
the data-efficiency problem, making it prohibitively expen-
sive with standard methods [8], [10]. The central challenge,
therefore, is to create an MTRL framework that is data-
efficient enough to master multiple high-speed maneuvers
simultaneously.

This data-efficiency challenge stems from the fact that
standard RL methods must learn about the underlying sys-
tem dynamics from scratch, including fundamental physical
symmetries. To solve this problem, equivariant learning,
grounded in geometric learning principles, offers a promising
direction for enhancing data efficiency by explicitly encoding
domain-specific symmetries—such as translations, rotations,
and permutations into neural network architectures [11]. This
approach improves sample efficiency in vision tasks [11],
vision-based robotic manipulation [12]. While this technique
has been applied to simpler MAV tracking tasks, its potential
to enable complex, multi-task acrobatic control has not been
explored [13].

However, recent research has shown that strictly en-
forcing equivariance may limit policy expressiveness and
robustness in diverse or asymmetric environments [14]—
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[16]. To address this limitation, some approaches relax or
partially remove symmetry constraints during training, which
stabilizes optimization [14], while others allow controlled
symmetry breaking at test time so that policies can adapt
flexibly to task-specific goals [15]. Recent advances combine
invariant action representations with non-equivariant policy
heads, or leveraging pretrained encoders with approximate
symmetrization in diffusion policies, show that selectively
breaking symmetry can achieve performance comparable
to or even surpassing fully equivariant models [10], [16].
Collectively, these studies suggest that symmetry is best
treated as a soft inductive bias: relaxing or breaking it where
necessary yields policies that are more expressive and robust,
while preserving the efficiency gains of symmetry where
appropriate.

Contribution: The contributions and novelties of this work
are as follows. To enable efficient learning of diverse aer-
obatic maneuvers without relying on manually designed
waypoint sequences, we propose a unified multi-task re-
inforcement learning framework called GEAR (Geometric
Equivariant Aerobatics Reinforcement). GEAR explicitly
embeds the inherent SO(2) rotational symmetry of MAV
dynamics into the policy architecture. The actor network
employs an SO(2)-equivariant backbone to exploit geomet-
ric priors, while Feature-wise Linear Modulation (FiLM)
provides lightweight task conditioning, enabling the same
backbone to flexibly represent different maneuvers. In par-
allel, a multi-head critic delivers task-specific value estima-
tion, ensuring that learning signals remain well separated
across heterogeneous objectives. This design allows GEAR
to efficiently capture shared structures across tasks, while
adapting to task-specific variations, thereby addressing the
long-standing challenge of data inefficiency in multi-task
aerobatic learning.

By combining symmetry-aware representations with adap-
tive modulation, GEAR enables a single end-to-end policy
to master multiple high-speed aerobatic maneuvers. To the
best of our knowledge, this is the first end-to-end multi-
task RL framework that explicitly encodes SO(2) geometric
symmetry into the policy architecture. To validate GEAR,
we first conduct high-fidelity simulation experiments, where
GEAR achieves a final training return 9.53% higher than
baseline methods and reaches a 98.85% success rate across
various aerobatic tasks, significantly outperforming ablation
variants. We then deploy the learned policy on physical
MAV platforms. Real-world experiments demonstrate that
a single policy can execute diverse high-speed maneuvers
with adjustable parameters (e.g., flip speed, number of rolls,
rotation velocity). By composing the four basic primitives,
we successfully realize complex aerobatics such as Power
Loop, Barrel Roll, and Multi-Flip, showcasing both the
robustness and practicality of the proposed approach.

II. RELATED WORK

A. MAVs’ Acrobatic Maneuvers

The pursuit of aerobatic flight in aerial robotics has in-
spired a wide spectrum of research efforts [1], [2]. Prior work

has explored diverse challenges, ranging from discrete, high-
dynamic maneuvers such as flips [3], Power Loop [2], or
Tic-Tocs [6], to trajectory-based tasks such as racing through
complex tracks and performing freestyle sequences in clut-
tered environments [2], [4]. Control strategies have evolved
from classical model-based approaches, which provide sta-
bility guarantees when accurate models are available [17], to
learning-based methods. In particular, RL has enabled end-
to-end policy learning, achieving or even surpassing human-
level performance in complex aerobatic tasks [1]-[4], [7].

B. Multi-Task Reinforcement Learning for Robotics

To enhance the versatility of a single agent, MTRL has
emerged as a powerful paradigm [8], [9], [18], [19]. MTRL
aims to jointly learn multiple related tasks, allowing knowl-
edge transfer between tasks to improve both generalization
and data efficiency. A central challenge lies in managing
potentially conflicting objectives, which can sometimes de-
grade performance compared to training separate special-
ized agents [9]. Recent work has applied MTRL to MAV
control, demonstrating that a single policy can be trained
for distinct flight behaviors such as stabilization, velocity
tracking, and racing by leveraging specialized architectures
such as multiple critics and shared encoders [8]. Neverthe-
less, extending MTRL to complex, high-speed aerobatics
dramatically increases data requirements, often making train-
ing prohibitively expensive with standard methods [8]. Our
work addresses this efficiency challenge directly.

C. Equivariant Learning

Equivariant learning, grounded in geometric deep learning
principles, encodes domain-specific symmetries into neural
network architectures [11]. This approach has been suc-
cessfully applied to robotic manipulation [12], [20], [21],
legged locomotion [22], [23]. For MAVs, symmetry-aware
policies have been explored, but existing studies are largely
limited to relatively simple tasks such as hovering or trajec-
tory tracking [13], [24]-[26]. The potential of equivariant
learning to enable a data-efficient, unified MTRL policy
for complex aerobatics remains largely unexplored. Recent
work has shown that strictly enforcing equivariance can
reduce policy expressiveness and robustness in diverse or
asymmetric environments [14]-[16]. To address this, these
approaches relax or partially remove symmetry constraints
during training or testing, highlighting that symmetry is
best viewed as a soft inductive bias—retaining its efficiency
benefits where applicable while relaxing or breaking it when
necessary to enhance generalization and robustness.

III. PROBLEM FORMULATION

A. MAV Dynamics

Throughout this paper, all vectors are treated as column
vectors, and transpose symbols | are omitted when the vector
shape is clear from context. The MAV’s state is characterized
by position p € R3, linear velocity v € R3, attitude
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R € SO(3), and angular velocity w € R3. The governing
equations are

mv = mg+R93fE _Kdragvv
w=J"(1 - [w]xJw).

p=v,

R = Rw|,, 0

where e3 = [0,0,1]7, g = [0,0,-9.81]", m > 0 and
J € R3*3 are the mass and inertia, and Kang € R3%3 i
a diagonal drag coefficient matrix. The total thrust fy and
torque 7 are computed as

4
fE = me
=1

where f; € R? and 7; € R® are the thrust and torque
generated by motor i, r; is the arm of force.

4

T:Z(ri xesfi+1), (2

i=1

B. State Design

In the MTRL setting, we consider IV tasks, each defined
by an MDP M; = (S;, A;, Pi, Ri, i), with shared dynamics
and task-specific rewards. The optimization objective is
J(m) = % Zf\il Er Y020 viri(si,a)]. To ensure gener-
ality across basic hovering and diverse maneuvers, the state
is designed to consist of three components: (i) the relative
state s;e1, Which characterizes task-invariant relationships, (ii)
the previous action a = [fx, w] € R*, included to mitigate
delays caused by discrete sampling, and (iii) the command
input emd € R5, which encodes the maneuver type (one-hot)
together with a scalar parameter specifying its attribute.

The relative state s, in the body frame is defined as

Srel = [prela Vryel, Wrel, Rrel] S va 3)

Vryel = RT (Vdes - V);
R = RTRz (wdes)>

Prel = RT (pdes - P)7
Wrel = R' (wdes - w),

“4)

where the desired position pges, Yaw tqes, linear velocity
Vdes, and angular velocity wqes define the task-specific
invariants. The yaw 14es does not prescribe a particular
heading but instead fixes the orientation of the maneuver
plane in the world frame. This ensures that the maneuvers
are yaw-equivariant: their definitions remain valid under
arbitrary global yaw rotations.

Hover: In Hover task, the MAV must reach and maintain
a specified position pges With yaw tqes, while desired
velocities are vges = [0,0,0] and wges = [0,0,0]. Task
success corresponds to pre; = [0,0,0], Ryl = I3, vyel =
[0,0,0], and w1 = [0,0,0], regardless of the global yaw.
This configuration serves as both a safe initialization and a
termination condition for aerobatic maneuvers.

Rotate: In the Rotate maneuver, the MAV orbits a fixed
target in the horizontal plane with radius r and tangential
velocity v. In the body frame, the target remains at a constant
relative position, yielding invariants pges = [r,0,0] and
Vdes — [0,’1},0].

Flip: In the Flip maneuver, the MAV performs a vertical
rotation about its body y-axis, moving along a circular
trajectory of radius r in the x—z plane aligned with yaw
1des- The motion is parameterized by a commanded angular

velocity w, leading to desired invariants pges = [0,0,7],
Vdes = |wr, 0,0], and wqes = [0, w, 0]. Here, tqes anchors
the orientation of the flip plane in the world frame, decou-
pling the maneuver from the global yaw.

Roll: In the Roll maneuver, the MAV rotates about its body
z-axis while remaining centered at pqes (i.e., 7 = 0). Unlike
the Flip, the Roll is specified by a commanded number of
turns N instead of a fixed angular velocity. The cumulative
roll angle ¢ is tracked modulo 27, and the task terminates
when ¢ = 27 N. The Roll occurs in the y—z plane aligned
with yaw 14es, ensuring that the definition of the maneuver
remains invariant to changes in global yaw.

C. Reward Function Design

A unified reward formulation is adopted across all ma-
neuver tasks, such that the policy learns from a consistent
set of performance indicators while preserving task-specific
distinctions. The overall reward is defined as

T = Tpos * Tlin * Tang * Temd * T'task; &)

where 7p05, Tlin, and 7y, are basic tracking terms based on
relative quantities, r.mg encourages adherence to high-level
commands, and 7y introduces maneuver-specific shaping.
All reward components are shaped by the kernel H(z; k) =
ﬁ, where k > 0 is a sensitivity factor. Small values of
k yield smooth shaping, while larger values impose sharper
penalties for deviations.

a) Basic tracking terms: We impose simultaneous con-
straints on position, linear velocity, and angular velocity:

> H(|lpral*s k), 6)

ke{1,10}

Tlin = g

ke{1,10,100}

Tang = g

ke{0.1,1,10}

Tpos =
H(”Vrel“Q; k)a (7)
H([lwrer]|*; ). ()

These terms ensure that the MAV cannot exploit single
dimensions of the state and must maintain accurate tracking
in all channels.

b) Command adherence: To guarantee that the learned
policy respects high-level maneuver commands, we introduce

Temd = Z H((aach - acmd)2; k); (9)

ke{1,10}

where a¢nq denotes the commanded attribute (e.g., angular
velocity, number of turns), and a,., is its achieved counter-
part measured during execution.

c) Task-specific shaping: Each maneuver imposes an
additional geometric or orientation requirement beyond the
basic tracking terms. Hover: Orientation alignment is en-
couraged via quaternion similarity, expressed as ryg =
> req1,10p H(2arccos(|q - qaes|); k), where ¢ and qqes are
the current and desired unit quaternions. Rotate: Since
the target remains at a constant location in the body
frame, success corresponds to maintaining a vanishing lat-

eral offset: Tpy = Zke{o_l’l}H<pfel7y;k), where prely
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denotes the y-component of pr.. Roll: Alignment of the
body z-axis with the desired roll axis is promoted us-
ing the body-to-world rotation matrix Ry, with rug =
Y keqni0p H((1 = Rey[0,0)% k). Flip: a constant reward
is assigned, T = 2.

D. SO(2)-Symmetry and Equivariant Structure

A fundamental property of MAV dynamics is its invariance
under rotations about the gravitational axis. This SO(2)
symmetry implies that the drone’s physical behavior and
control performance are independent of the yaw orientation
in the horizontal plane in world frame [25].

a) Group action and representations: Formally, let the
symmetry group G = SO(2) act on the state space

S=(p,v,R,w) e R* xR3x SO(3) x R%.  (10)
For 6 € [0, 27), the group action gy € G is
gpos= (RZ(Q)p7 R.(9)v, R.(0)R, w), (11)

where R (0) is the rotation about the world z-axis. Here
p and v rotate in the world frame, R is left-multiplied,
while the body-rate w (defined in the body frame) remains
unchanged. The action space A = [fs,w]| is body-frame
defined and represented by the trivial action p4(0) =
diag(1,1I3), where p 4 : SO(2) — GL(A).

b) Equivariance of dynamics: The MAV dynamics
function F': S x A — T'S is equivariant under this action if
(1) gravity is aligned with the world z-axis, and (ii) the drag

matrix is isotropic in the x-y plane (K, = Ky,). Under
these conditions,
F(ggos,a)=ggoF(s,a), Vg € G, V6, (12)

so that for any trajectory (s(t),a(t)), the rotated trajectory
(go 0 s(t), a(t)) also satisfies the dynamics.

c) Equivariance in body-frame representations: Al-
though SO(2) symmetry is defined in the world frame,
our policy uses the body-frame relative state in (4). Un-
der a global yaw rotation R,(f), the MAV state be-
comes (R.p,R.v,R,R,w), and the desired targets be-
come (R.Pdes, R:Vdes, R:Wdes; Ydes + 0). Substituting
these into (4) shows invariance: pl; = (R.R) " (R.Pdes —
Rzp) =R' (pdes - p) = Prel, V;el = (RzR)T(Rszes -
sz) = Vrel w;el = (RZR)T(szdcs - QJ) = Wrel,
R/rel = (RZR)TRZ(wdes + 9) = RTRZ(¢des) = R
Thus, all relative components remain unchanged, and the
world-frame SO(2) symmetry is faithfully preserved in the
body-frame representation used as policy inputs.

d) Task symmetry analysis: Not all tasks interact with
this symmetry in the same way. Hover: Enforces an absolute
yaw Ryges in the world frame, thereby breaking SO(2)
invariance. Roll: Specifies rotation about the body z-axis,
independent of global yaw. Flip: Commands angular velocity
about a body-fixed axis; rotating the system about z yields
an equivalent trajectory. Rotate: Defines tangential motion
around a target; the relative target position pe is yaw-
invariant. In summary, Hover introduces deliberate symmetry

breaking, whereas Roll, Flip, and Rotate preserve the under-
lying SO(2) symmetry both in world-frame dynamics and
in body-frame state representations.

E. Equivariant Reinforcement Learning

If the transition 7°(-), initial state po(-), and reward r;(-)
are GG-invariant, i.e.,

T(gos' | gos,a)=T(s'|s,a), (13)
po(g o s) = po(s), (14)
ri(gos,a) =ri(s,a), (15)
then the optimal value function and policy also satisfy
V*(gos)=V*(s), 7*(gos)=7n"(s). (16)

Because actions are expressed in the body frame, the group
action reduces to the identity, so the optimal action is in fact
invariant under SO(2) rotations [13], [25].

In multi-task learning, however, a strictly equivariant net-
work may over-constrain learning, as different maneuvers
impose different symmetry requirements. Furthermore, re-
ward design compounds this challenge: beyond a command
term enforcing consistency with high-level inputs, each ma-
neuver introduces task-specific rewards emphasizing distinct
geometric or dynamic properties. While such heterogeneous
rewards are essential for success, they bias the policy toward
different feature subsets, limiting the generalization of a
strictly equivariant representation. This tension between sym-
metry, reward shaping, and task diversity motivates a more
flexible framework that retains the efficiency of equivariance
while adapting to maneuver-specific asymmetries.

IV. PROPOSED METHOD

The proposed GEAR framework integrates geometric pri-
ors, command conditioning, and modular value estimation
into a unified architecture for multi-task aerobatics. An
overview is shown in Fig. 3. The framework consists of
an SO(2)-equivariant actor network, FiLM-based task con-
ditioning, and a multi-head critic. During training, the actor
receives noisy observations along with command inputs
and outputs low-level control actions, while the critic pro-
vides task-specific value estimates that guide optimization.
The FiLM layers allow task-dependent modulation of the
shared equivariant backbone, enabling controlled symmetry
breaking where necessary. At deployment, only the actor
is retained, and the learned primitives (Hover, Flip, Roll,
Rotate) can be composed into complex aerobatic maneuvers.

A. Group Representation

The input state is organized according to its transfor-
mation properties under SO(2). Specifically, (i) equiv-
ariant pairs, such as (Prel,z, Prely)s (Vrela,Vrely), and
(Wrel,zs Wrel,y), transform under the 2D irreducible repre-
sentation pyec : SO(2) — R2*2, defined as the planar
rotation matrix pyec(0) = R(0); (ii) invariants, including
Drel,z, Urel,z> Wrel,z; fx, and scalar command inputs, follow
the trivial representation ps., : SO(2) — R, defined as
psca(0) = 1. The overall group action on the input is
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Fig. 1: Overview of the proposed GEAR framework. (a) Training structure: The policy consists of an actor and a multi-head critic, both combining FILM
layers with an Equivariant MLP (EMLP). The actor receives state(with added noise during training), command, and history action inputs and outputs
low-level control actions. The critic provides task-specific value estimates, which are used only in training and discarded at deployment. (b) FiLM layer:
commands generate scaling and shifting factors (v, 8) to modulate intermediate features, enabling task conditioning and controlled symmetry breaking.
(c) Group representation: state features are partitioned into irreducible and trivial components.

therefore diag(pZ.., p<.), while the action space, expressed
in the body frame, is invariant. This setup ensures that
rotation-sensitive features transform consistently, while in-
variant channels remain fixed. FILM layers applied before
grouping allow controlled symmetry breaking when task
asymmetries are present.

B. SO(2)-Equivariant Actor Network

The actor network adopts an EMLP backbone that ex-
plicitly encodes the SO(2) rotational symmetry of MAV
dynamics. As shown in Fig. 3(c), equivariant feature pairs
(e.g., (Dz, Py)s (Va, Vy), (Wy, wy), and selected attitude terms)
rotate consistently under yaw, while invariant features (e.g.,
D», Uy, w,) remain fixed. This structured decomposition
ensures that the EMLP maintains rotation consistency where
symmetry holds.

However, in multi-task learning, strict equivariance can
impose excessive constraints: different maneuvers interact
with symmetry in distinct ways, and heterogeneous reward
shaping emphasizes task-specific features. Thus, while the
equivariant actor provides a strong inductive bias, it must
remain flexible enough to adapt to task asymmetries.

C. Feature-wise Linear Modulation

FiLM layers modulate state features using command in-
puts, parameterizing maneuvers through learned scaling and
shifting operations:

FiLM(z, ¢) = zy(c) + B(c), 17)

where x denotes state features and ¢ denotes command
features.

In practice, FILM modulation is applied before the features
are organized into group representations. In GEAR, FiLM
serves two purposes. First, it conditions the shared equiv-
ariant backbone on task commands, ensuring that a single
actor can represent multiple maneuvers through lightweight
modulation. Second, by introducing additional bias flexibil-
ity, FILM allows the network to deviate from overly rigid
equivariance when necessary, while still exploiting SO(2)
symmetry where it remains advantageous. This design pro-
vides a practical balance between symmetry-based inductive
bias and task-specific adaptability.

D. Multi-Head Critic for Multi-Task Value Estimation

While FiLM addresses symmetry relaxation in the actor,
the critic must faithfully capture reward structures that differ
across the four aerobatic tasks. For example, Hover requires
maintaining absolute position and orientation stability, Flip
emphasizes accurate angular velocity tracking during verti-
cal rotations, Rotate enforces consistent tangential motion
around a target, and Roll focuses on precise tracking of
commanded roll revolutions. These task-specific reward sig-
nals differ in both structure and sensitivity, making a single
shared value head prone to conflating them and leading to
inaccurate value estimation. We therefore adopt a multi-head
critic design: a shared equivariant backbone extracts common
geometric features, while separate value heads specialize in
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Fig. 2: Training curves of EMLP- and MLP-based frameworks on four tasks (Flip, Hover, Roll, and Rotate). Results are from a single joint training run of
one policy across all tasks. Each curve represents the average reward over 10 random seeds, with shaded regions indicating the 95% confidence interval.

different tasks. This modularity prevents reward conflation,
stabilizes multi-task optimization, and ensures that value
estimation remains accurate across tasks with heterogeneous
objectives.

V. EXPERIMENTS
A. Experimental Setup

The MAV weighs 0.46kg, has a motor-to-motor span of
0.149 m, and achieves a thrust-to-weight ratio of 4.1. A Vicon
motion capture system provides position, attitude, and veloc-
ity measurements at 200 Hz. The angular velocity controller
operates at 1000 Hz, while high-level policy inference is
executed at 100 Hz.

The SO(2)-equivariant actor is implemented using the
open-source ESCNN library [11], which offers group rep-
resentations and symmetry-aware architectural components.
Policies are trained with Proximal Policy Optimization
(PPO) [27] on 2048 parallel environments in the IsaacGym
platform [28], requiring 8.9 hours on an RTX 4070 Ti GPU.
During training, the actor receives noisy observations to
enhance robustness, whereas the critic accesses ground-truth
states. At the start of each episode, the initial states (includ-
ing position, orientation, velocity, motor speeds, command
inputs, and dynamic parameters) are randomized across en-
vironments. The randomization range expands progressively,
forming a simple curriculum learning schedule. Episodes
terminate when the MAV descends below a safety altitude
or exceeds the maximum horizon.

B. Experimental Results

1) Training Performance Comparison: We evaluate train-
ing performance using the individual task rewards.

Fig. 2 shows the learning curves of EMLP and MLP
frameworks in the multi-task setting, where one policy is
jointly trained and evaluated on Flip, Hover, Roll, and Rotate.

Across all tasks, the EMLP framework consistently outper-
forms the MLP baseline in both convergence speed and final
performance. For Flip, EMLP converges faster and sustains
higher rewards with smaller variance. In Hover and Roll,
it achieves superior reward levels and more stable learning,
as reflected by narrower confidence intervals. For Rotate,
EMLP again shows robustness, maintaining a clear margin
over MLP throughout training.

These results demonstrate that encoding equivariance into
the policy substantially improves multi-task reinforcement
learning, leading to higher rewards, faster convergence, and

reduced variance. This enhanced generalization and stability
make the EMLP framework well suited for scalable and
reliable learning of diverse aerobatic maneuvers.

2) Ablation Study: We evaluate model performance us-
ing three key metrics: success rate (SR), mean error, and
Success-weighted by Command Distance (SCD). For success
rate, we adopt task-specific criteria: Hover is successful if
the final position error is less than 0.1 m and the orientation
error is less than 10°; Flip is successful if the cumulative
pitch change reaches 7 rad; Roll is successful if the final roll
angle error after one commanded roll is less than 0.26; Rotate
is successful if the mean radius error around the desired
r = 1.2m trajectory is less than 0.1 m. SCD provides a
comprehensive measure by capturing both maneuver success
and command tracking. For each episode ¢, the Command
Distance (C}) is defined as the cumulative error between the
intended command and the actual action executed by the
MAV. The SCD is then computed as

N

SCD = %Z(l —I{d; < 7})Ci,

i=1

(18)

where I{d; < 7} is the indicator of successful completion,
and C; represents the command tracking error. This design is
particularly important for tasks such as Flip, where a policy
may track angular velocity commands yet fail to complete
the maneuver due to momentum loss.

All ablation experiments are conducted on the four rep-
resentative aerobatic primitives (Hover, Flip, Roll, and Ro-
tate) under randomized command conditions. For Hover, the
target position and orientation are randomized with zero
velocity. For Rotate, the commanded tangential velocity is
uniformly sampled from [—6,6] m/s, with values |v| > 4
unseen during training. For Roll, the commanded number
of revolutions is sampled from [—5,5], with |n| > 3
representing unseen test commands. For Flip, the angular
velocity command is sampled from [2, 8] rad/s, while training
is restricted to [4, 6] rad/s. This setup enables evaluation of
both in-distribution performance and generalization to out-
of-distribution commands.

Baseline comparison. We re-implement the state-of-the-
art MTRL framework for MAVs [8] which employs a multi-
critic architecture with shared task encoders under our aero-
batic suite. It achieves an overall SR of 84.16% but is heavily
limited by poor Roll performance. Training also requires
10.1 hours, more than one hour longer than our framework.
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TABLE I: Ablation study on network architecture and equivariance. Reported metrics include mean success rate (%), SCD, and primary error terms,
averaged over 4096 test episodes across four aerobatic tasks. Baseline: re-implementation of the SOTA MTRL framework for MAV [8]. Backbone Only:
plain backbone (MLP or EMLP), without FILM or multi-head critic. FILM Only: FiLM-based task conditioning, without multi-head critic. Multi-Head
Only: multi-head critic with shared backbone, without FiLM. Multi-Head+FiLM: FiLM-based conditioning combined with a multi-head critic. Multi-
Head+IFiLM: SO(2)-equivariant IFILM module introduced in EquAct [10]. Best-performing results for each metric are highlighted in bold; for error

metrics and SCD, lower values indicate better performance.

Network  Architecture Hover Task Flip Task Roll Task Rotate Task

Suc.R SCD  Hover.Err Suc.R SCD  AngErr SucR SCD  Roll.Err  Suc.R SCD  Vel.Err
(%) (m) (%) (rad/s) (%) (rad) (%) (m/s)

Backbone Only 98.34  0.0067 0.0733  58.11 6.0193 15.0911  1.37 6.3810 63821 98.14  0.0712 0.3716
MLP FiLM Only 98.54  0.0047 0.0748  34.08 9.4524 15.0001  1.56 6.3803 63819  99.90  0.0041 0.3597
Multi-Head Only 98.73  0.0048 0.0658 89.36  0.7728 14.7990 66.44  1.9564 2.0257 100.00 0.0000  0.3055
Multi-Head+FiLM 98.63 0.0038 0.0756 89.26  1.3385 17.0861 84.42 0.4790 0.5658 9990 0.0068 0.5777
Baseline 99.71  0.0002 0.0830 99.02 0.0764 13.1176 56.84 2.7592 28167 81.05 0.0433 0.2246
Backbone Only 81.07 0.0427 0.1276 7148 52821 28.0750 22.71 4.0200 4.0424 0.00  10.2812 10.2812
FiLM Only 98.34  0.0017 0.1121  94.63  0.4072 10.3995 48.83 3.1630 3.2124 100.00 0.0000 0.3054
EMLP  Multi-Head Only 5263  0.0950 0.1432 4854 11.8226 259429 4576  3.3884 3.4348 5898  1.1321 1.8313
Multi-Head+IFiILM 9492 0.0059 0.1011  99.22  0.0561 10.2399 87.70  0.3363  0.4240 100.00 0.0000 0.2912
Multi-Head+FiLM 9990  0.0001 0.0795 95.80  0.3900 9.4787 99.71  0.0085 0.1082 100.00 0.0000 0.2753

While competitive on Rotate velocity tracking and Flip, the
baseline lags behind by 8.89% compared with the MLP
Multi-Head+FiLLM variant and by 14.79% compared with our
GEAR. Due to the encoder design, which mixes observations
before feeding them into both actor and critic, it is not
possible to directly replace their backbone with an EMLP.
This prevents a fair EMLP-based baseline comparison, and
we therefore keep their original architecture for evaluation.

Ablation results. Table I summarizes the ablation re-
sults.The plain MLP Base achieves good performance in
Hover but struggles in Flip and Roll, while the EMLP Base
performs poorly overall, confirming that strict equivariance
alone reduces policy expressiveness. FiLM only improves
performance by conditioning on command inputs and helps
on simpler tasks, but it fails to learn the more difficult Roll
maneuver, indicating that modulation without value disentan-
glement is insufficient for highly nonlinear dynamics. In con-
trast, Multi-Head only stabilizes optimization by separating
reward signals, leading to more balanced performance across
tasks. However, due to the absence of task conditioning,
its expressiveness remains limited. Replacing FiLM with
Multi-Head+IFiLLM, introduced in EquAct [10], enforces
stronger invariance but sacrifices robustness in roll. The best
overall performance comes from Multi-Head+FilLM, which
achieves near-perfect success rates and the lowest errors,
highlighting the benefit of combining equivariance with
adaptive conditioning and modular value estimation. These
gains are especially pronounced in EMLP-based models:
because stronger equivariance constraints reduce flexibility,
FiLM and Multi-Head become essential to relax overly rigid
symmetry and disentangle heterogeneous rewards. This evi-
dence directly validates our conjecture in the method section.
Furthermore, our framework maintains high success rates
on unseen commands, demonstrating strong generalization
ability.

C. Real World Experiment

In this section, we validate the transfer of our learned
primitives to real-world platforms and demonstrate that com-
plex aerobatic maneuvers can be composed by manually
selecting task types and motion parameters. Commands are
issued through three mechanisms: (i) sequential triggering
once the previous maneuver is completed, (ii) timed trigger-
ing after a predefined interval, and (iii) manual triggering
through a human—machine interface.

For the Combo maneuver, a Roll command is followed
after 0.1 s by a Flip at 5 rad/s, then a Rotate command
after 0.6 s with the specified center, and finally a Hover
command after 1 s. For the Snap Rotate, the MAV begins
with a Rotate command at a tangential velocity of 3 m/s
around a specified center point. After 0.5 s, a single-Roll
command is issued. Once the Roll is completed, the same
Rotate command is resumed, and the MAV continues the
rotation until it reaches the hover waypoint. For the Spiral
Flip, the MAV is commanded to perform two consecutive
Flips at 5 rad/s around a specified point, after which a Hover
command is applied to stabilize the vehicle. To realize the
Power Loop, the MAV is initialized with a Flip command
at an angular velocity of 5 rad/s. Then the maneuver is
terminated with a Hover command at the designated position.

These results confirm that the proposed framework enables
reliable composition of learned primitives into diverse and
complex aerobatic maneuvers on real hardware with simple
waypoints.

VI. CONCLUSION

We introduced GEAR, a framework for multi-task rein-
forcement learning in drone aerobatics that integrates SO(2)-
equivariant architectures. By combining geometric inductive
bias with adaptive conditioning, GEAR enables a single
policy to perform diverse high-speed maneuvers with greater
efficiency, stability, and generalization, achieving clear im-
provements over conventional baselines. This approach ad-
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Fig. 3: Demonstration of real-world acrobatic maneuvers. Arrows denote the direction of motion. For the Roll maneuver, five consecutive images are
concatenated to highlight its nearly constant altitude. Red markers indicate the timing of issued commands.

vances autonomous aerobatic flight and offers a blueprint for
broader multi-task robotic control.
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