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Abstract— Aggressive time-optimal control of quadcopters
poses a significant challenge in the field of robotics. The state-
of-the-art approach leverages reinforcement learning (RL) to
train optimal neural policies. However, a critical hurdle is the
sim-to-real gap, often addressed by employing a robust inner
loop controller —an abstraction that, in theory, constrains the
optimality of the trained controller, necessitating margins to
counter potential disturbances. In contrast, our novel approach
introduces high-speed quadcopter control using end-to-end RL
(E2E) that gives direct motor commands. To bridge the reality
gap, we incorporate a learned residual model and an adaptive
method that can compensate for modeling errors in thrust
and moments. We compare our E2E approach against a state-
of-the-art network that commands thrust and body rates to
an INDI inner loop controller, both in simulated and real-
world flight. E2E showcases a significant 1.39-second advantage
in simulation and a 0.17-second edge in real-world testing,
highlighting end-to-end reinforcement learning’s potential. The
performance drop observed from simulation to reality shows
potential for further improvement, including refining strategies
to address the reality gap or exploring offline reinforcement
learning with real flight data.

Index Terms— Time optimal control, Reinforcement Learn-
ing, end-to-end control, reality gap, sim-to-real transfer, ab-
straction

I. INTRODUCTION

The demand for autonomous quadcopters capable of high-
speed flight has been steadily increasing, driven by the
need for covering larger distances in various applications
[1]. However, achieving efficient and agile high-speed flight
remains a significant challenge, requiring the development of
computationally efficient time-optimal control algorithms.

Traditionally, quadcopter control relied on established
methods, including Differential-Flatness-Based Controllers
(DFBC) [2]-[5] and Nonlinear Model Predictive Control
(NMPC) [6]-[9], [9]-[13]. While these methods represented
important steps forward, they faced difficulties with unmod-
eled effects [14].

Recent advancements in quadcopter control have brought
Reinforcement Learning (RL) to the forefront of research
[15]. While simulation studies such as [16], [17] have
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demonstrated RL’s capability to achieve high-speed flight,
real-world applications such as [18]-[21] have had to devise
clever solutions to address the issues posed by the reality gap.
This is because RL heavily relies on accurate simulation en-
vironments, which become increasingly challenging at high
quadcopter speeds due to complex dynamics. Consequently,
RL methods in actual flight often adopt an abstraction
approach in which the network outputs high-level control
commands that are executed by manually pre-tuned low-level
controllers.

For instance, in [18], an end-to-end network is trained in
simulation for racing, which was then used in a real flight
to generate higher level commands in the form of guidance
trajectories that were tracked with an MPC controller. In
[19], RL provides thrust and body rate commands, which
are tracked with an inner loop controller. In a comparison
study [20], it is argued that providing thrust and body rate
commands strikes the optimal balance, as direct motor com-
mands, while effective in simulation, fail to bridge the reality
gap for successful real-life flight. Particularly noteworthy is
the achievement in [21], where an RL controller outper-
formed a human racing pilot. This success was attributed to a
combination of abstraction (thrust and body rate commands)
and accurate modeling of the closed-loop system using a
learned residual model.

However, leaning on abstractions, in theory, places a
limitation on the platform’s maneuverability. This is because,
in the end, it is the lowest-level controller that decides which
actuator to saturate. On the contrary, end-to-end approaches,
which operate without such abstractions, hold promise in
enabling exceptionally agile maneuvers and pushing perfor-
mance to its absolute limits.

There are already some noteworthy instances of neural
networks directly governing motor control. For instance, in
[22], direct motor control is achieved by a neural network,
focusing on low-level controls in waypoints tracking and
vehicle recovery from harsh initialization. Although this
work was concerned with end-to-end control, it did not focus
on time optimality or high-speed flight. In more recent de-
velopments, methods using supervised learning from optimal
trajectory datasets have shown remarkable success in E2E
control in the context of high-speed quadcopter flight [23],
[24]. The strategies used here effectively address the reality
gap by using an adaptive control approach that both measures
and compensates for modeling errors.

In this article, we introduce a novel method for achieving
high-speed quadcopter control through end-to-end reinforce-
ment learning, where direct motor commands are generated.
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To effectively bridge the reality gap, our approach combines
a residual moment and thrust model, acquired from flight
data (akin to the approach in [21]), combined with the
adaptive techniques described in [23], [24], applied to both
thrust and moment model. Our study involves a compara-
tive analysis, pitting the performance of our E2E approach
against that of a state-of-the-art network generating thrust
and rate commands for an inner loop INDI controller [25].

II. METHODOLOGY
A. Problem Definition

The drone racing problem is modeled as a Markov De-
cision Process (MDP) defined by (S,A,P,r,po,7). The
RL agent starts in state s; € S from distribution pg.
It uses stochastic policy m(a¢|s;) to select a continuous
action a; € A, transitioning to s;y; with probability
Pqts,,, and receiving reward . The objective is to op-
timize the parameters 6 of a stochastic neural network
policy mp(a¢|s:) to maximize expected return over an infinite
horizon maxg Er, [> 72, 774

The racing setup consists of four square gates (1x1m)
placed in a 4x3m rectangle as seen in Fig. 3. We quantify the
racing task using a reward function consisting of a progress
reward that measures advancement toward the target gate, a
gate reward that encourages gate passage through the center,
and a collision penalty:

+10 = 10/|lpx — P,
10,
IPE = Pgull = [[Pr—1 = Pyl

if gate passed
r(k) = if collision

otherwise

Here, pg, represents the position of the center of the current
target gate, and py, px—1 are the drone’s current and previous
positions. A gate is deemed successfully passed when the
drone intersects the gate plane inside the 1x1m boundary. A
collision is registered when the drone either makes contact
with the ground or passes through the gate plane outside
the gate boundary. This reward function, in conjunction with

a state transition model (elaborated in next section), will
be employed to create a virtual environment and conduct
training using the PPO algorithm [26] in the Python library
Stable-Baselines3 [27]. During training, we will simulate 100
drones in parallel, using a discount factor v = 0.999 and a
maximum episode duration of 1200 time steps (12 seconds).
We terminate training after 100,000,000 time steps.

B. E2E Network

1) Quadcopter model: We adopt a quadcopter model
similar to the one outlined in [23], [24]. The quadcopter’s
state and control inputs are defined as follows:

X = [pa v, )‘7 97 w, Mext; Fext}T u= [ula Uz, us, u4]T

Here p is the position of the drone, v is the velocity, A
are the Euler angles, €2 are the body rates and w are the
propeller speed in RPM with a range between wy,;, =
3000 and wye, = 11000. u represents the motor RPM
commands. Similar to the approach in [23], [24], we include
external (specific) forces and moments as part of the state
representation. These external influences will be measured
onboard to mitigate modeling inaccuracies. The equations of
motion are expressed as follows:

p=v v =gez + R(\)[Fpoa + Feze] (1)
A=QNQ 192 = —Q X IR+ Mypoq + Mear
w=(u-w)/7 Fext:() Memt:()

In contrast to [23], [24], M,,0q and F,,,q are formulated
as a hybrid model, comprising a nominal model rooted in
physical principles [28] and a residual black-box model fine-
tuned using empirical data: F,,,q = From + Fres and
M,0d = Myom + M,.cs. The nominal model, identical to
the one identified for the Bebop drone in [23], is defined as:

B 4
—kzvg Do, wi

—kyvy/ Z?:l Wi
4 1
—ky i wi— k,vB Dol Wi — kn(vB? + va)

Fnom =
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Fig. 2. Flight test comparison E2E vs. INDI Net (5 Repetitions): 1) E2E outpaces INDI in the first lap (starting in hover). 2) Laps 2-6 show comparable
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The residual model consists of two small neural networks,
one for residual (mass normalized) thrust and the other for
residual moment:

[0707 _NT(wva)]T M'r‘es :NM(wvaaQ)

F”’ES

Both AV (7 inputs 1 output) and Ay (10 inputs 3 outputs)
utilize a neural network architecture featuring a single hidden
layer comprising 32 neurons with a ReLLU activation func-
tion. The networks are trained through supervised learning
with a dataset of high speed flight data.

2) Policy: The policy is implemented as a three-layered,
fully connected neural network with a ReLU activation
function, as visually depicted in Fig. 1. The network takes
24 inputs containing the quadcopter’s state, as well as the
modeling mismatches represented by M.,; and F.,;, along
with information current and future gates.

gi

T
gi+1}

Xin = [pgia v ’ A ) Q, W, Mezta Femtv pg:+17
Here, the superscript 9¢ denotes that the variables are rep-
resented in the reference frame aligned with the target gate
gi- The symbols pg;y1 and 1, , respectively indicate the
position and orientation of the succeeding gate (i.e., the
one following the target gate). The network has 4 outputs
corresponding to rpm commands u. Since our approach
employs a stochastic policy, the network’s outputs serve
as the means of a normal distribution governing the rpm
commands. The standard deviation of this distribution is an
extra trainable parameter of the network. For the purpose of
generating a control command, whether during training or
testing, we draw samples from this distribution and constrain
the result within the minimum and maximum rpm limits.

3) Training: To train within the RL framework, we con-
vert our continuous-time dynamical model into a discrete-
time MDP using a time step of 0.01s via the Forward Euler

method. The episode is initialized by uniformly sampling
initial states from the following intervals:

vel-35l+zs  yel-31+ys  z€[-53]+z
vz € [~5, 3] vy € [~3:3] v, € [~3, 3]
¢ e[, 3] bel-%.%] el
pel-1,1] qe-1,1] re[—1,1]
W € [Wmin, Wmaz) 2)

Here z4,ys, 25 is the starting point of the race track. Also
M.+ and F.,; are sampled from

Mz,emta My,ezt € [_003, 003]
Fx,exta Fy,ext =0

Mz7e:pt S [_0.01,0.01]
Fz,eact S [—05,05]

C. INDI Network

1) Quadcopter model: Integrating the INDI controller
into the loop streamlines the quadcopter modeling process
considerably. With the INDI Network providing rate and
thrust commands, our RL environment now primarily focuses
on simulating the INDI controller’s response, specifically
how actual thrust and rates relate to the commanded val-
ues. As illustrated in [25], the INDI controller’s command
response can be expressed as a first-order delay model.
The remaining quadcopter modeling tasks only involve the
kinematic equations and a basic drag model:

x=[p,v,\, QT|" u=[Qma, Tema)"
The equations of motion are expressed as:
p=v v = ges + R(\)F
A=Q0 Q= (Qema — ) /70
T = (Tema—T)/7r

3)

Where F = [—d 05, —dyvf,—T]T with d, = 0.34, d, =
0.43, and 70 = 7 = 0.03 derived from flight data.

An inherent limitation of relying on an INDI controller
is that it requires some margins to reject disturbances and
track the desired command. This means that a trade-off
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Fig. 3. Trajectory comparison E2E vs INDI: simulated runs and fastest achieved real flights. The performance gap is most significant in simulation with

E2E leading by 1.39 seconds. In the real flights, this difference is reduced to 0.17 seconds.

must be made between how much margin is kept to reject
disturbances (which makes the drone slower) or how little
margin is acceptable before actuator limits are exceeded and
the INDI can not track the reference anymore. We establish
boundaries for thrust and rate based on the fastest stable
flight performance we could achieve in our setup:

Pemds Qemds Temd € [_37 3] Tcmd S [07 15]

2) Policy: The policy closely resembles the E2E Network
but differs only in the number of inputs due to the system
simplifications. The network takes 17 inputs, consisting of
the state and gate information:

Xin = [pgi ’ Vgi’ A% ’ Q’ T’ pg:+1 ’ Z;JT
The network has 4 outputs corresponding to the thrust and
body rate control command. Again the network’s outputs are
the means of normal distributions governing thrust and body
rate commands, along with a learned standard deviation.

3) Training: In the training phase, we once more con-
vert our dynamical model into a discrete-time MDP. We
uniformly sample initial states from the same intervals as
described in Eq. 2, where applicable. The thrust is sampled
from the range [7.4, 7.6].

III. EXPERIMENTAL SETUP

For our experiments, we use the Parrot Bebop 1 quad-
copter. While it does not have the high-speed performance
of a racing drone, its unique characteristics make it a com-
pelling choice. The Bebop 1 features a notably flexible frame,
posing a more intricate challenge for modeling compared
to the rigid racing counterparts. Furthermore, it provides an
excellent opportunity to push the boundaries of actuation
within a confined space. The onboard software of the Bebop
is replaced by the Paparazzi-UAV open-source autopilot
[29]. Computation occurred in real-time on a Parrot P7
dual-core CPU Cortex A9 processor. The Bebop featured
an MPU6050 IMU sensor for specific force and angular
velocity measurements, as well as RPM measurements for
each propeller, essential for our control method. Flight tests
were conducted in The CyberZoo, a 10x10x7 m flight arena
at TU Delft’s Aerospace Engineering faculty, equipped with
an OptiTrack motion capture system for real-time position
and attitude data. An extended Kalman filter is used to
fuse Optitrack position and attitude measurements with the
accelerometer and gyro data from the IMU. This integration
allows us to estimate position, velocity, attitude, and IMU
biases accurately.
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Fig. 4. Experimental setup: The drone’s position and attitude are obtained
from the Optitrack motion capture system and fused with IMU data by an
extended Kalman filter. Image from [23]

IV. RESULTS & DISCUSSION

We conducted tests using the trained E2E and INDI
networks, involving both simulation roll-outs and real flight
tests covering 6 laps on the race track. The real flights were
repeated 5 times for both networks. Our assessment focused
on time optimality as the primary performance metric. Fig. 2
provides an overview of the real flights conducted, along with
corresponding values found in Table I. Fig. 3 highlights the
fastest flights achieved by both controllers compared to their
simulated counterparts.

Our key observation is that E2E outperforms INDI on
the 6-lap racing task, both in simulation and in real-world
scenarios. The most substantial performance gap is evident
in simulation, with E2E completing the track 1.39 seconds
faster. In the real world, the performance difference, while
reduced, remains existent, with an average improvement of
0.05 seconds over the entire track. When comparing the
fastest runs, E2E is in the lead by 0.17 seconds. An intriguing
insight, highlighted in Fig. 2, reveals that E2E Networks
primarily leverages its advantage during the first lap when
the drone starts in hover. In laps 2 through 6, both methods
exhibit remarkably similar performance. This observation
highlights the E2E Net’s capability to efficiently perform
rapid accelerations.

When comparing the results between simulated runs and
real-life flights, several noteworthy observations come to
light. In the simulated environment, the INDI controller
achieves a track completion time of 17.14, with only a minor
increase to 17.40 seconds on average in the real flight tests.
In contrast, the E2E method exhibits a more pronounced
reality gap, with completion times increasing from 15.75 in
simulation to an average of 17.35 in real-world scenarios.
This points in the direction of an interesting trade-off: INDI
needs margins to be able to control the drone in case of
uncertainty or disturbance, which limits its speed. E2E can
access 100% of the actuators but has a bigger sim-to-real gap.
Despite this substantial gap between simulation and reality,
the fact that E2E maintains a performance advantage over
INDI, albeit modest, underscores the success of the sim-to-

| | lapl | lap2 | lap3 | lap4 | lap5 | lap6 | total |
E2E Sim 297 | 2.51 | 2.56 | 2.55 | 2.59 | 2.57 15.75
INDI Sim | 320 | 2.82 | 2.75 | 2.80 | 2.81 | 2.76 | 17.14
E2El 323 | 279 | 2.81 | 2.84 | 2.84 | 2.83 | 17.34
E2E2 322 | 274 | 279 | 2.80 | 2.76 | 2.79 | 17.09
E2E3 320 | 2.73 | 291 | 2.76 | 2.85 | 2.83 17.28
E2E4 322 | 2.85 | 2.89 | 2.87 | 2.87 | 2.81 17.50
E2ES 324 | 2.81 | 2.85 | 2.86 | 2.87 | 2.88 | 17.52
Mean 322 | 279 | 2.85 | 2.82 | 2.84 | 2.83 | 17.35
INDI1 330 | 2.86 | 2.80 | 2.86 | 291 | 2.79 | 17.51
INDI2 326 | 2.79 | 280 | 2.79 | 2.84 | 2.77 | 17.26
INDI3 325 | 2.80 | 2.83 | 2.86 | 2.76 | 2.84 | 17.35
INDI4 327 | 278 | 2.82 | 2.76 | 2.83 | 2.83 | 17.29
INDI5 331 | 2.80 | 2.86 | 2.81 | 2.87 | 2.94 | 17.58
Mean 328 | 2.80 | 2.82 | 2.82 | 2.84 | 2.83 | 17.40

TABLE I
LAP TIMES (IN SECONDS) FASTEST FLIGHT IN BOLD.
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Fig. 5. Modeling errors in the first order actuator delay model used for
the E2E Net

real transfer. Furthermore, these findings suggest that E2E
may hold untapped potential for further enhancing real-world
drone performance.

While the E2E net addresses thrust and moment modeling
errors, it’s important to note that certain challenges remain
unaddressed. In Fig. 5, we observe deviations in motor RPM
between actual and modeled values during the fastest flight,
potentially explaining performance drops in the real world.
The INDI Net has a smaller simulation-to-reality gap, but it
also encounters modeling errors. In Fig. 6 we can see how
the observed rates and thrust also deviate from the modeled
first-order delay. These deviations could explain the different
trajectory shapes observed in the real INDI flight in Fig. 3.

V. CONCLUSION

We have presented a novel neural network approach for
achieving high-speed quadcopter flight through end-to-end
reinforcement learning. We addressed the reality gap issue
by using an adaptive method alongside a learned residual
model. Comparing our approach to a state-of-the-art INDI
network, we observed that our E2E network can outperform
the state of the art both in simulation in real flights. In the
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used for the INDI Net.

simulated environment, E2E exhibits a notable advantage,
completing tasks 1.39 seconds faster. This performance gap,
while smaller in real flight scenarios, remains significant
and showcases the competitiveness of E2E architectures
when compared to the state of the art. The performance
contrast observed between simulation and real-life scenarios
implies that our E2E approach exhibits greater sensitivity
to modeling errors, as opposed to the robustness of the
INDI controller. Future efforts could be directed toward
enhancing the E2E network’s ability to adapt to modeling er-
rors. Additionally, apart from addressing moment and thrust
offsets, it’s also possible to identify other discrepancies in

the

model, such as variations in battery voltage or maximum

RPM. Alternatively, a promising avenue for future research
may involve refining our network through the application of
offline RL techniques using real flight data.
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