
7134 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 10, NO. 7, JULY 2025

What Matters in Learning a Zero-Shot Sim-to-Real
RL Policy for Quadrotor Control? A

Comprehensive Study
Jiayu Chen , Chao Yu , Yuqing Xie , Feng Gao , Yinuo Chen, Shu’ang Yu , Wenhao Tang , Shilong Ji ,

Mo Mu, Yi Wu , Member, IEEE, Huazhong Yang , Fellow, IEEE, and Yu Wang , Fellow, IEEE

Abstract—Precise and agile flight maneuvers are essential for
quadrotor applications, yet traditional control methods are limited
by their reliance on flat trajectories or computationally intensive
optimization. Reinforcement learning (RL)-based policies offer
a promising alternative by directly mapping observations to ac-
tions, reducing dependency on system knowledge and actuation
constraints. However, the sim-to-real gap remains a significant
challenge, often causing instability in real-world deployments. In
this work, we identify five key factors for learning robust RL-
based control policies capable of zero-shot real-world deployment:
(1) integrating velocity and rotation matrix into actor inputs, (2)
incorporating time vector into critic inputs, (3) regularizing ac-
tion differences for smoothness, (4) applying system identification
with selective randomization, and (5) using large batch sizes dur-
ing training. Based on these insights, we develop SimpleFlight, a
PPO-based framework that integrates these techniques. Extensive
experiments on the Crazyflie quadrotor demonstrate that Simple-
Flight reduces trajectory tracking error by over 50% compared to
state-of-the-art RL baselines. It excels in both smooth polynomial
and challenging infeasible zigzag trajectories, particularly on small
thrust-to-weight quadrotors, where baseline methods often fail. To
enhance reproducibility and further research, we integrate Sim-
pleFlight into the GPU-based Omnidrones simulator and provide
open-source code and model checkpoints.

Index Terms—Reinforcement learning (RL), machine learning
for robot control, aerial systems: applications.
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I. INTRODUCTION

PRECISE and agile flight maneuvers are essential for UAVs,
especially quadrotors, in applications such as package

delivery [1], search and rescue [2], and infrastructure inspec-
tion [3]. Traditional control methods, whether model-based or
model-free, often face limitations due to their dependence on
flat trajectories adhering to actuation constraints [4], [5] or the
need for accurate system modeling and nonconvex optimization
solvers [6], [7], which can restrict policy flexibility. Recently,
reinforcement learning (RL) has gained traction as a versatile
and efficient alternative for quadrotor control [8], [9]. RL-based
policies map observations directly to actions, bypassing the need
for actuation constraints or precise system dynamics knowl-
edge [10], enabling lower control latency and the potential for
enhanced performance in quadrotor tasks.

A major challenge in RL-based quadrotor control is the
sim-to-real gap, where policies trained in simulation often fail
to perform stably in real-world deployment without additional
fine-tuning. Despite numerous RL-based approaches, there is
no unified understanding of the key factors for training robust,
zero-shot deployable policies [11], [12], [13], [14], [15], [16].
For example, while reward functions are often designed to con-
strain control commands and enhance smoothness, the specific
reward components critical for ensuring valid commands and
task success remain unclear. domain randomization is widely
employed to bridge the sim-to-real gap, but the extent to which
it is necessary for effective quadrotor control remains unclear.
Additionally, other factors influencing the training of robust
RL-based policies remain underexplored.

This study explores crucial factors for developing robust
RL-based control policies for real-world zero-shot deployment.
We identify five key elements across input space design, reward
design, system identification and training techniques: (1) inte-
grating velocity and rotation matrix into actor’s input, (2) adding
time vector to critic’s input, (3) employing action difference reg-
ularization as smoothness reward, (4) applying system identifi-
cation to key dynamics parameters with selective randomization,
and (5) utilizing large batch sizes. The first two factors optimize
input space design for simulation learning, while the remaining
three work together to bridge the sim-to-real gap. We implement
these techniques in a PPO-based framework, SimpleFlight.

Our experimental validation on the Crazyflie 2.1 nano quadro-
tor demonstrates SimpleFlight’s superior performance. The
framework achieves over 50% reduction in trajectory track-
ing error compared to SOTA RL baselines without special-
ized algorithmic or architectural modifications. SimpleFlight
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Fig. 1. Overview of SimpleFlight. We begin with SysID and selective DR for quadrotor dynamics and low-level control. Next, an RL policy is trained in simulation
to output CTBR for tracking arbitrary trajectories and zero-shot deployed directly on a real quadrotor. The training framework focuses on three key aspects, i.e.,
input space design, reward design, system identification and domain randomization, as well as training techniques, identifying five critical factors to enhance
zero-shot deployment.

successfully completes all benchmark trajectories, including
challenging infeasible trajectories, outperforming other RL poli-
cies that fail under extreme conditions. Moreover, SimpleFlight
demonstrates consistent performance across different quadro-
tor platforms, including the Crazyflie and our custom-built
quadrotor, showcasing its strong generalization capability across
varying models and sizes.

Furthermore, we integrate SimpleFlight into a high-parallel
GPU-based simulator Omnidrones [17], and we open-source the
code, model checkpoints, and benchmark tasks to ensure repro-
ducibility. We believe that SimpleFlight will provide valuable
insights to guide future research in RL-based quadrotor control.
Our contributions can be summarized as follows:
� We investigate five key learning factors and develop a PPO-

based training framework, SimpleFlight, for learning RL-
based zero-shot sim-to-real policies.

� We conduct extensive real-world experiments on the
Crazyflie to demonstrate the effectiveness of SimpleFlight.
The policy derived by SimpleFlight is the only one capable
of successfully completing all benchmarking trajectories,
including both smooth and infeasible trajectories.

� SimpleFlight reduces trajectory tracking error by over 50%
compared to SOTA RL baselines, despite not employing
any tailored algorithmic or network architecture design.

� We integrate SimpleFlight into the high-parallel GPU-
based simulator Omnidrones and open-source checkpoints
to ensure reproducibility.

II. RELATED WORK

A. General Approaches for Sim-to-Real Transfer in Robotics

Bridging the sim-to-real gap is a critical challenge in
robotics, with system identification (SysID) being one of the
most straightforward approaches [18]. While simulators cannot
fully replicate real-world complexities, constructing accurate
mathematical models within the simulator can significantly
improve the real-world performance of reinforcement learning
(RL) policies. However, the dynamic and time-varying nature
of the real world, combined with factors such as friction and
motor delays, makes strict calibration of simulator parameters
through SysID challenging. To address these limitations, domain
randomization (DR) has emerged as a promising technique [19],

[20]. DR randomizes simulator parameters to cover a broader
range of real-world conditions, thereby enhancing policy
robustness during deployment.

DR techniques can be categorized into two types:
dynamics randomization and visual randomization. Dynamics
randomization, particularly effective for control tasks, improves
policy stability by randomizing physical parameters such as
object size, friction, mass, and damping coefficients [21],
[22]. For example, in OpenAI’s work on solving a Rubik’s
Cube using a robotic hand, randomization of these parameters
enabled the policy to adapt to diverse real-world conditions.
Visual randomization, on the other hand, is primarily used in
vision-based tasks to address discrepancies in textures, lighting,
and camera perspectives [19], [23].

In addition to DR, domain adaptation techniques have been
widely adopted to minimize the distributional discrepancy
between simulation (source domain) and reality (target do-
main) [24], [25], [26], [27], [28]. These techniques are partic-
ularly effective for vision-based robotics tasks. In this work,
we focus on evaluating the impact of SysID and dynam-
ics randomization on sim-to-real performance, leaving visual
randomization and domain adaptation for future exploration.

B. Sim-to-Real Approaches for Quadrotors

In the field of quadrotors, significant advancements have been
made in SysID and DR to bridge the sim2real gap. For SysID,
Gronauer et al. [29] employ Bayesian optimization to auto-
matically calibrate the simulator’s dynamic parameters using
real-world flight data. Bauersfeld et al. [30], [31] utilize residual
models and real flight data to accurately model the aerodynamics
of drones during high-speed flight, further enhancing the fidelity
of simulation environments.

For DR, Molchanov et al. [22] randomize key dynamic pa-
rameters of the drone, enabling successful policy transfer from
simulation to various types of quadrotors. Zhang et al. [32] com-
bine adaptive control with dynamic parameter randomization,
transferring policy to real-world environments with unknown
disturbances. Additionally, some studies focus on improving
RL policy performance in real-world scenarios by designing
specialized observation spaces [16], action spaces [15], and
incorporating supplementary training methods [33].
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Despite these advancements, several critical challenges re-
main unresolved. First, there is no unified framework or stan-
dardized pipeline for training robust, zero-shot deployable RL
policies. Existing approaches often rely on ad hoc designs for
observation spaces, reward functions, and training strategies,
making it difficult to generalize findings across different plat-
forms and tasks. Second, while SysID and DR are widely used,
their individual and combined effects on sim2real performance
are not well understood. For instance, it remains unclear which
dynamic parameters are most sensitive to SysID or DR, and
under what conditions DR may hinder rather than improve
performance. Third, many studies focus on specific aspects of the
sim2real pipeline (e.g., observation design or parameter calibra-
tion) without considering their interplay, leading to suboptimal
solutions. Finally, there is a lack of systematic evaluation of
training strategies, such as batch size optimization, which can
significantly impact sim2real performance without requiring
additional modifications.

III. PRELIMINARY

A. Problem Formulation

We formulate the quadrotor control problem as a Markov
Decision Process (MDP). The MDP is defined as M =<
S,A,O, P,R, γ >, with the state space S , the action space A,
the observation spaceO, the transition probabilityP , the reward
functionR and the discount factor γ. Denote the state and the ob-
servation at time step t as (st, ot) ∈ (S,O). The goal of our work
is to construct a policy πθ parameterized by θ to output action
at ∼ πθ(ot) that performs precise and agile maneuvers to track
arbitrary trajectories. The optimization objective is to maximize
the expected accumulative reward J(θ) = E[

∑
t γ

tR(st, at)].

B. Quadrotor Dynamics

The quadrotor is assumed to be a 6 ◦-of-freedom rigid
body of mass m and diagonal moment of inertia matrix I =
diag(Ix, Iy, Iz). The state space is 17-dimensinal and the
dynamics are modeled by the differential equation:

ẋ =

⎡
⎢⎢⎢⎢⎢⎣

ṗW
q̇

v̇W
ω̇B
Ω̇

⎤
⎥⎥⎥⎥⎥⎦
=

⎡
⎢⎢⎢⎢⎢⎣

vW
q⊗[0,ωB/2]T

1
mq · fprop · q + gW

I−1(τ prop − ωB × (IωB))
Tm(Ωcmd −Ω)

⎤
⎥⎥⎥⎥⎥⎦
, (1)

where the quadrotor state x consists the position p, the orienta-
tion q in quaternions, the linear velocity v, the angular velocity
ω and the rotational speed of the rotor Ω. m denotes mass. The
subscripts W and B represent the world and body frame. The
frame B is located at the center of the mass of the quadrotor. The
notation ⊗ indicates the multiplication of two quaternions. q is
the quaternion’s conjugate. gW = [0, 0,−9.81m/s2]T denotes
earth’s gravity. fprop and τ prop are the collective force and the
torque produced by the propellers. The quantities are defined as
follows,

fprop = Σif j , τ prop = Σjτ j + rp,j × f j , (2)

where rp,j is the location of propeller j expressed in the body
frame, f j , τ j are the forces and torques generated by the j-
th propeller. The rotational speeds of the four motors Ωj are
modeled as a first-order system with a time constant Tm, where

the commanded rotational speeds Ωcmd serve as the input. For
the forces and torques generated by each motor, we adopt a
widely used model from prior work [34], [35]:

f j =
[
0, 0, kfΩ

2
j

]T
, τ j =

[
0, 0, kmΩ2

j

]T
. (3)

The thrust and torque are modeled as proportional to the square
of the motor’s rotational speed. The corresponding thrust and
drag coefficients, kf and km, as well as the motor time constant,
Tm, can be determined using a static propeller test stand.

IV. SIMPLEFLIGHT

A. Overview

In this section, we describe the details of the entire training
framework SimpleFlight, as shown in Fig. 1. The core idea of
learning a zero-shot sim-to-real RL policy involves two main
aspects: improving policy performance in simulation and bridg-
ing the sim-to-real gap to minimize performance drop when
deploying the policy in the real world.

To this end, we follow standard practices by first performing
SysID to bridge the sim-to-real gap. We calibrate the quadrotor’s
dynamics by estimating four key parameters: mass m, inertia
matrix I , thrust coefficient kf , and motor time constant Tm.
These calibrated parameters are then used to model the quadrotor
in the simulation. Following previous work, we adopt CTBR as
the policy action space, a mid-level control command that has
been shown to be more robust to sim-to-real gap [15]. To convert
CTBR commands into four motor thrusts, a low-level controller
is employed. Furthermore, we align the low-level controller
in the quadrotor firmware with the one used in the simulator
by calibrating its system response, thereby further bridging the
sim-to-real gap.

Next, we train an RL policy in a simulator to enable the
quadrotor to track arbitrary trajectories, which is then directly
deployed on a real quadrotor without fine-tuning. The training
framework emphasizes four critical aspects to enhance zero-shot
deployment performance: input space design, reward design,
system identification and domain randomization, as well as
training techniques. Specifically, input space design aims to
improve policy performance in simulation, while the other tech-
niques are tailored to reduce the sim-to-real gap. From these
three aspects, we identify and summarize five critical factors.
The final design of SimpleFlight is detailed in the following
sections, while comparisons with alternative configurations are
presented in the experiment section.

B. Input Space Design

We employ a custom asymmetric actor-critic architecture in
SimpleFlight. The actor takes as input the relative positions of
the quadrotor to the next N reference trajectory points in the
world frame eW , the linear velocity v, and the rotation matrixR.
This design allows the policy to perform long-horizon planning,
which is particularly crucial for tracking infeasible trajectories
with sharp turns. In practice, we set N = 10, with each point
spaced by 0.05 s. The critic, on the other hand, receives the
same inputs as the actor, augmented with a time vector ft =
[t, . . ., t]T ∈ R

k as privileged information, where t denotes the
discrete timestep in RL training. Since the training performance
is not sensitive to the choice of k, we simply set k = 1 in
our task. While for more complex tasks with high-dimensional
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observations, we recommend to increase the dimension k if the
value estimation proves insufficiently accurate. The time vector
enables the critic to capture temporal information, improving its
ability to estimate state values effectively. Both the actor and
critic use three-layer MLPs, with an ELU activation function
and a LayerNorm layer inserted between the two MLP layers to
encode their inputs into a latent vector, respectively. The output
dimension of the MLP layer is 256. For the actor, this vector
parameterizes a Gaussian distribution to generate CTBR actions.
For the critic, the vector is further fed into an MLP to produce
the estimated state value.

Factor 1: Utilizing the rotation matrix instead of a quaternion
and incorporating linear velocity into the actor’s input.

Factor 2: Adding a time vector to the critic’s input to enhance
its temporal awareness.

C. Reward Design

In simulation, RL policies often explore aggressive actions
to optimize task performance. For instance, a policy might
produce a collective thrust command that abruptly changes from
maximum thrust at one timestep to 0 at the next. While such
actions may execute without immediate instability in simulation,
due to the sim-to-real gap, they become physically infeasible
for real quadrotors and can lead to unstable behavior during
deployment.

To address this, RL leverages reward design to regularize
policy outputs. Existing studies incorporate auxiliary reward
components to encourage smooth actions. In general, the reward
function is defined as:

r = rtask + λrsmooth, (4)

where rtask represents the task-specific reward, and rsmooth is
a smoothness reward designed to promote smooth actions. λ is
the coefficient of the smoothness reward. We normalize both
rtask and rsmooth to the range [0, 1], allowing λ to represent
the relative weight of the smoothness reward compared to the
task-specific reward.

It is important to note the trade-off between rtask and rsmooth.
While rsmooth discourages aggressive actions and enforces
smoother commands, it can also restrict the quadrotor’s ability to
exploit agile maneuvers essential for tackling complex and chal-
lenging tasks. In SimpleFlight, we adopt the form ||ut − ut−1||2
as the smoothness reward, where ut represents the policy’s
action, i.e., CTBR. We hypothesize that this design penalizes
abrupt changes in policy output, serving as a soft yet direct
constraint. This approach achieves a better trade-off between
task completeness and action smoothness, enabling both stable
and agile flight.

Factor 3: Incorporating regularization of the difference
between successive actions as the smoothness reward.

D. System Identification and Domain Randomization

Our study explores the effects of system identification
(SysID), domain randomization (DR), and their combination
on sim2real performance with four key dynamic parameters,
i.e., mass m, inertia I , motor time constant Tm, and thrust
coefficientkf . We find that SysID is crucial for accurate sim2real
transfer, particularly for measurable parameters like massm and
inertia I , where DR is counterproductive, increasing training
complexity and leading to suboptimal policies. For the motor
time constant Tm, sim2real performance shows low sensitivity,

and DR provides no significant benefits, only introducing unnec-
essary learning challenges. In contrast, the thrust coefficient kf
is highly sensitive, with deviations causing notable performance
drops. However, DR significantly improves robustness.

Factor 4: Applying SysID for calibrating key dynamic pa-
rameters is crucial. DR exhibits selective effectiveness, im-
proving performance for sensitive parameters like thrust coef-
ficients while proving detrimental for insensitive or accurately
measurable parameters.

E. Training Techniques

We highlight a often-overlooked training technique that sig-
nificantly impact policy performance. Increasing the batch size
during training without requiring additional modifications im-
proves real-world performance despite having limited impact
on simulation results. This benefit possibly arises from the
enhanced data diversity generated by larger batch sizes, which
strengthens the policy’s generalization capacity.

Factor 5: Leveraging larger batch sizes during training.

V. EXPERIMENT

A. Experiment Setup

1) Benchmark Trajectories: We adopt two types of trajec-
tories as benchmark trajectories: smooth trajectories (figure-
eight and polynomial) and infeasible trajectories (pentagram
and zigzag). The figure-eight and pentagram trajectories are
deterministic, while the polynomial and zigzag trajectories are
randomly generated for each trial. All trajectories start from the
origin (0, 0) with a fixed z-axis height. Examples of benchmark
trajectories are shown in Fig. 2.

a. Figure-eight The figure-eight trajectory is a
periodic smooth curve defined as p(t) = [cos(2πt/T ),
sin(4πt/T )/2, 1], where T represents the time required to
complete one figure-eight lap. We test three velocities by
varying T : 15.0 s (Slow), 5.5 s (Normal), and 3.5 s (Fast),
corresponding to maximum velocities of 0.6 m/s, 1.6 m/s, and
2.5 m/s in the reference trajectories, respectively.

b. Polynomial The smooth polynomial trajectory consists of
multiple randomly generated 5-degree polynomial segments.
The duration of each segment is randomly selected between
1.5 s and 4 s. The velocity of the reference trajectories ranges
from 0 to 1 m/s. To ensure smoothness, we enforce continuity of
the first, second, and third derivatives at the junctions between
consecutive segments.

c. Pentagram The pentagram is an infeasible trajectory where
the quadrotor sequentially visits the five vertices of a pentagram
at a constant velocity. We test two different velocities: 0.5 m/s
and 1 m/s, marked as Slow and Fast, respectively.

d. Zigzag The zigzag trajectory is infeasible and is generated
based on several randomly selected waypoints, with x− and
y− coordinates distributed between −1 m and 1m. Consecutive
waypoints are connected by straight lines, with time intervals
randomly chosen between 1s and 1.5 s. The velocity of the
reference trajectories ranges from 0 to 2m/s.

We note that pentagram and zigzag trajectories are challeng-
ing infeasible due to their sharp directional changes, i.e., infinite
acceleration. Successfully tracking these trajectories requires
quadrotors to perform long-horizon optimization and operate
near the limits of their system performance, which is difficult
for quadrotors with low thrust-to-weight ratios.
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Fig. 2. Visualization of benchmark trajectories and corresponding trajectories followed using SimpleFlight. The reference trajectories are shown in black.

2) Training Details

We employ OmniDrones [17], a GPU-accelerated, highly
parallel drone simulator, to train the quadrotor control policy
using the on-policy PPO algorithm [36]. The simulator operates
at 100 Hz with a timestep of 0.01 s. During training, we use a
balanced mixture of smooth randomized polynomial trajectories
and infeasible zigzag trajectories, generated under consistent
benchmark rules. This setup makes figure-eight and pentagram
trajectories out-of-distribution (OOD) test cases. The policy is
trained for 15,000 epochs, with a single policy derived for all
trajectories.

3) Evaluation Metric

We assess tracking performance using the Mean Euclidean
Distance (MED) between the quadrotor’s actual and target posi-
tions in thex- and y-axes, averaged over the entire trajectory. For
the figure-eight trajectory, MED is averaged over ten repetitions
per trial across three trials. For the pentagram trajectory, MED is
computed over three single-run trials. For polynomial and zigzag
trajectories, we generate five random trajectories of each type,
repeating each twice, resulting in ten trials. MED values are
averaged and reported as “mean (standard deviation)” in meters
(m).

B. In-Depth Analysis on Key Factors

We systematically evaluate all proposed key factors through
simulation and real-world experiments on figure-eight trajecto-
ries. For deployment, we use the Crazyflie 2.1 nano-quadrotor,
with position, velocity, and orientation data provided by an
OptiTrack motion capture system at 100 Hz. An offboard
computer executes the policy, sending CTBR commands to
the quadrotor via a 2.4 GHz radio at 100 Hz. Notably, we
deploy a single randomly-selected policy (from three train-
ing seeds) due to the demonstrated robustness of our training
process.

1) Factors 1&2: Input Space Design: Fig. 3 illustrates the
training curves for different input space designs. For the com-
mon inputs of the actor and critic (Fig. 3(a)), q denotes the
quaternion corresponding to the rotation matrix R. Leveraging
the relative positions eW , linear velocity v, and the rotation
matrix R achieves the best tracking performance in simulation.
We observe a training performance degradation (approximately
63.6%) when replacing R with q. This is because representa-
tions for the 3D rotations are discontinuous in four or fewer
dimensions, making it challenging for neural networks to learn,
as also observed in graphics and vision studies [37]. Excluding
the linear velocity v significantly degrades performance, under-
scoring its importance for predicting actions in agile quadrotor
control. Including the previous action ut−1, as suggested in

Fig. 3. Training performance of input space designs. (a) For shared actor-critic
inputs, the combination of relative positions eW , linear velocity v, and rotation
matrix R achieves the lowest simulated MED. (b) Adding the time vector to
inputs significantly improves tracking performance. (c) Including the time vector
in actor inputs slightly degrades performance for long-duration trajectories.

Fig. 4. Real-world performance of different λ on the figure-eight trajectory.
We finally choose λ = 0.4.

prior works [16], [31], results in a slight performance drop.
We hypothesize this is because the RL policy continuously
evolves during training, and including the previous action in the
input introduces non-stationary into the environment, thereby
reducing performance.

Regarding the impact of the time vector (Fig. 3(b)), we
evaluate three configurations: (1) time vector in both actor and
critic (AC w/ t), (2) time vector only in critic (C w/ t, A w/o t), and
(3) no time vector (AC w/o t). Results show that incorporating
the time vector significantly improves tracking accuracy (AC
w/ t and C w/t, A w/o t), as it enhances the critic’s ability to
capture temporal information and estimate state values. How-
ever, including the time vector in the actor (AC w/ t) can cause
out-of-distribution (OOD) issues during long-duration flights,
as the reference trajectory’s timesteps may exceed the training
trajectory’s maximum length (Table III(c)). Thus, we include the
time vector only in the critic to balance accurate value estimation
with robust performance.
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TABLE I
REAL-WORLD TRACKING PERFORMANCE OF DIFFERENT SMOOTHNESS

COMPONENTS THAT ENCOURAGE VALID AND SMOOTH CONTROL COMMANDS

2) Factor 3: Smoothness Reward Design: We evaluate vari-
ous smoothness components commonly used in existing studies,
with the real-world tracking performance summarized in Ta-
ble I. Here,acct, jerkt, snapt represent the second, third, and
fourth derivative of position at timestep t, respectively, and ut

denotes the policy’s CTBR output at timestep t. Note that ||ut||2
penalizes desired angular velocity and thrust, indirectly con-
straining the third derivative of position, while ||ut − ut−1||2
penalizes angular acceleration and differential thrust, indirectly
targeting the fourth derivative. The smoothness reward is defined
as raux = e−A, where A represents different forms of smooth-
ness reward components. A grid search is conducted to optimize
the hyperparameters for each component, and the best results are
reported. In addition to reward design, we examine two alterna-
tive methods to encourage valid and smooth commands: “Action
Clipping (AC)” and “Low-Pass Filter (LPF)”. AC directly limits
actions exceeding a predefined threshold, while LPF smooths
the policy output as u′

t = αut + (1− α)ut−1, where α is the
cutoff parameter. Among these, ||ut − ut−1||2 achieves the
best real-world tracking performance. In contrast, non-reward
methods like LPF fail to generalize across velocities, and AC
limits agile maneuvers, resulting in suboptimal performance
for high-velocity trajectories. Direct action constraints such as
||ut||2 outperform indirect kinematic constraints like ||jerkt||2
on fast trajectories, highlighting the effectiveness of action-level
regularization for challenging tasks.

Since there exists a trade-off between the task reward and the
smoothness reward, we conduct experiments on the smoothness
reward coefficient λ, with the real-world tracking performance
shown in Fig. 4. For λ = 0.2, not all fast trajectory experiments
are successful; only results from successful trials are reported.
As observed, larger λ can degrade tracking performance due to
restricted agility, while smaller λ may lead to unstable flight.
Based on these findings, we set λ = 0.4 for a trade-off.

3) Factor 4: SysID and DR: We analyze the effects of
SysID and DR on tracking performance for figure-eight tra-
jectories at normal velocity in Table II. We begin by cal-
ibrating four key dynamic parameters—mass m, inertia I ,
motor time constant Tm, and thrust coefficient kf—and re-
port results using these calibrated values as “SysID”. We then
apply DR to each parameter, exploring two parameter
randomization ranges: [−10%,+10%] and [−30%,+30%], de-
noted as “SysID+DR10%” and “SysID+DR30%,” respectively.
Our findings indicate that applying DR to approximately well-
calibrated parameters generally does not improve sim-to-real
transfer performance as it may increase learning complexity.

In addition, introducing DR leads to slightly higher standard
deviations, indicating that it can induce more unstable behavior.
To further simulate inaccurate calibration, we introduce a+30%
offset to each dynamics parameter, referred to as “Offset+30%.”
The results reveal varying performance sensitivity across param-
eters. Precise measurement is critical for sensitive parameters
such as mass m and thrust coefficient kf , while strict calibration
is less essential for less sensitive parameters like inertia I and
motor time constantTm. We then apply DR to these offset values
(termed “Offset+DR30%”) and observe a noticeable improve-
ment in the shifted thrust coefficient’s performance, alongside
comparable results for the other parameters. Therefore, for
sensitive parameters, such as the thrust coefficient kf , when
accurate calibration is not feasible, DR can effectively enhance
the robustness of the policy. For non-sensitive parameters, DR
primarily increases the learning difficulty without providing
performance benefits.

4) Factor 5: Effect of Batch Sizes: To evaluate the impact of
the batch sizes, we test simulation and real-world performance
using figure-eight trajectories (slow, normal and fast) via varying
parallel environments. As shown in Fig. 5, increasing the batch
size enhances real-world performance as simulation perfor-
mance converges, with real-world results also stabilizing as the
batch size grows further. Based on this finding, we recommend
using larger batch sizes during training to enhance sim-to-real
transfer.

C. Comparison of Other Methods

1) Baselines: While our paper focuses on robust RL policies
for zero-shot real-world deployment (i.e. relative performance),
we also show SimpleFlight’s strong absolute performance. We
benchmark two SOTA RL methods (DATT [11] and Fly [33]) on
the Crazyflie and stress-test SimpleFlight against a well-tuned
MPC method, PAMPC [38] on our custom quadrotor, named
Air, which features a 250 mm arm length and is equipped with
a PX4 flight controller and an Nvidia Orin processor.

a. DATT [11] is a feedforward-feedback-adaptive policy for
CTBR command-based trajectory tracking, achieving SOTA
performance over PID and non-linear MPC [39]. We retrain
DATT on the standard Crazyflie 2.1 (body rate: [−π, π]rad/s,
acceleration: [0, 1.6 g]) to ensure fair comparison, retaining its
disturbance estimation for optimal performance. Deployment
follows the same protocol as SimpleFlight.

b. Fly [33] proposes a high-speed simulator and RL-based
framework for direct RPM control, enabling superior sim-to-real
transfer. Using the released checkpoint, we perform onboard
inference to evaluate its performance on benchmark trajectories,
as it outperforms PID and prior RL policies.

c. PAMPC [38] is a non-linear MPC method that jointly
optimizes perception and action objectives. By excluding the
vision objective and fine-tuning cost function hyperparameters,
we adapt it to ensure accurate tracking performance across all
benchmark trajectories.

2) Real-World Experiments: We first report the trajectory
tracking performance of SimpleFlight compared to the baseline
methods across all benchmark trajectories on the Crazyflie,
as shown in Table III. SimpleFlight significantly outperforms
all baselines across benchmark trajectories on the Crazyflie
(Table III), reducing MED by over 50% and achieving the lowest
standard deviation, indicating superior stability. Fly [33] reliably
tracks smooth trajectories at varying velocities but struggles with
infeasible paths (e.g., fast pentagram and zigzag) due to limited
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TABLE II
REAL-WORLD TRACKING PERFORMANCE OF SYSID AND DR ON THE FIGURE-EIGHT TRAJECTORY AT NORMAL VELOCITY

TABLE III
SIMPLEFLIGHT DEMONSTRATES SUPERIOR REAL-WORLD PERFORMANCE ACROSS BENCHMARK TRAJECTORIES

Fig. 5. Effect of batch sizes on tracking performance on figure-eight trajectories. Increasing the batch size enhances real-world performance as simulation
performance converges, with real-world results also stabilizing as the batch size grows further.

long-horizon reasoning. DATT [11] handles infeasible trajec-
tories aggressively but fails in high-velocity tracking on low
thrust-to-weight quadrotors. SimpleFlight excels in actuation
constraint awareness, long-horizon reasoning, and optimization,
particularly for sharp turns and complex maneuvers. At 50 Hz,
SimpleFlight shows a minor performance drop compared to
100 Hz but still surpasses DATT, as higher-frequency control
enables faster error correction.

We also conduct experiments on our own quadrotor platform,
Air, to validate the effectiveness of SimpleFlight. The results
demonstrate that our method achieves comparable performance
on the Air platform to that on the Crazyflie, slightly outper-
forming the finely tuned PAMPC. This highlights SimpleFlight’s
ability to generalize across quadrotor models and sizes. We also
provide flight videos on the Air platform on our website.

We remark that the comparison in Table III may not be entirely
fair, as the policies are trained using different simulators, mod-
eling approaches, and inputs/outputs. What we aim to convey

here is that SimpleFlight, to the best of our knowledge, achieves
the best control performance, despite not incorporating any
algorithmic or architectural improvements. As a collection of
proposed key factors, SimpleFlight can be integrated on top of
existing quadrotor control methods.

VI. CONCLUSION

SimpleFlight is an RL framework for robust zero-shot de-
ployment of quadrotor control policies. By incorporating five
key factors including enhanced inputs design with velocity and
rotation matrix, time vector for critic, regularization of the
difference between successive actions as a smoothness reward,
selected domain randomization with system identification, and
large training batch sizes, it effectively bridges the sim-to-real
gap. Evaluations on a Crazyflie quadrotor demonstrate over 50%
lower tracking error compared to SOTA RL baselines.
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