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ABSTRACT

Fast sim-to-real iteration is important in au-
tonomous drone racing, where each new track
or vehicle requires adaptation under a strict
wall-clock budget. We present a JAX-based
reinforcement-learning pipeline that trains com-
pact feedforward policies in a massively paral-
lel environment. We identify a compact control-
oriented acro-mode quadrotor model from short
flight logs and randomize its transfer-relevant pa-
rameters. The model captures closed-loop body-
rate and thrust response, battery-voltage effects,
and direction-dependent drag. To suppress bang-
bang control, we regularize action changes and
large commands. Over a four-second rollout,
this reduces the fraction of outputs above 95%
of the maximum action magnitude from 50.0%
to 1.1% while maintaining comparable track
progress. On an NVIDIA GeForce RTX 5070 Ti,
the fastest configuration processes 32 million en-
vironment steps per second. A 96-configuration
study and a 32-seed evaluation show that roll-
out and optimizer choices strongly affect train-
ing reliability within five minutes. Two poli-
cies deployed on the A2RL Season 2 competition
track reached speeds near 20 m/s. These results
demonstrate rapid policy training and real-world
transfer using a compact dynamics model.

1 INTRODUCTION

Autonomous drone racing is a demanding benchmark for
agile robotics because it combines high-speed motion, tight
spatial constraints, limited onboard computation, and little
tolerance for control error. The field has progressed from
early academic racing challenges [1-4] to real-world systems
operating above 20m/s [5,6]. Learning-based controllers
have become competitive when simulation, objectives, and
transfer assumptions are designed together [6-8].

Competition deployment requires fast adaptation. High-
fidelity simulators can reduce model mismatch, but demand
detailed models, greater implementation effort, and more
computation. Compact control-oriented models can be es-
timated from short flight logs and simulated at high through-
put, provided they retain the dynamics that govern transfer.
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This trade-off is central to racing, where every new track
requires policy retraining and a new vehicle additionally re-
quires model identification.

We identify a compact control-oriented quadrotor model
from short flight logs and use it for competition-scale policy
training. The policy outputs body-rate and thrust commands
through the acro interface used by racing flight controllers.
The simulator omits motor-level actuation and moment-based
attitude dynamics and instead models the closed-loop re-
sponse from policy commands to vehicle motion. We train
with proximal policy optimization (PPO) [9]; its batched roll-
out and update structure maps well to a massively parallel
JAX implementation [10] and supports stable training un-
der short wall-clock budgets. Because the compact model
omits inner-loop dynamics, the objective penalizes rapid ac-
tion changes and persistently large deterministic commands
that would otherwise produce bang-bang behavior at the de-
ployed interface.

The main contribution is a practical sim-to-real work-
flow that combines short-log model identification, high-
throughput policy training, configuration screening under a
fixed wall-clock budget, and real-world validation. We evalu-
ate 96 training configurations, repeat three representative set-
tings over 32 seeds, quantify the effect of action regulariza-
tion, and deploy two policies on the A2RL Season 2 compe-
tition track at speeds near 20 m/s. The training environment
and reported configurations are publicly available.'

2 RELATED WORK

Drone racing stresses perception, estimation, planning,
control, and onboard computation simultaneously [2, 4].
Model-based systems remain strong baselines: model pre-
dictive contouring control optimizes progress under dynamic
constraints [11], while sampling-based methods such as
MPPI perform online trajectory optimization through parallel
rollouts [12]. Our compact model serves a different purpose:
it supports offline policy training and configuration selection,
while deployment requires only a feedforward-network eval-
uation.

Recent reinforcement-learning systems have achieved
highly competitive real-world performance. Swift demon-
strated champion-level racing with simulation-trained poli-
cies and data-driven residual models [7]. Ferede et al. used
domain randomization to transfer a motor-command policy
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across substantially different quadrotors [8]. SkyDreamer
and MonoRace address high-speed racing under realistic vi-
sual sensing constraints [5,6]. We study a complementary
state-based setting in which a deliberately simple simulator
enables very high-throughput policy training while retaining
sufficient fidelity for real-world deployment.

Direct training-time comparisons are difficult because
control interfaces, tasks, hardware, and deployment criteria
differ. Swift reports 108 environment interactions in approx-
imately 50 min on an RTX 3090, followed by a 2 x 107-
interaction fine-tuning stage [7]. Learning to Fly in Seconds
reports direct-RPM trajectory-control transfer after 18 s of
training on a consumer laptop and a Crazyflie nano quadro-
tor [13]. Ferede et al. train each racing-policy variant for 103
steps across 3-inch and 5-inch platforms [8], but do not report
a directly comparable wall-clock time. For broad context,
our (6144,64,16,4) configuration uses 6144 environments,
64 rollout steps, 16 minibatches, and four update epochs.
It generates more than 5 x 10° environment transitions in
five minutes, while the fastest tested configuration reaches
3.2 x 107 transitions per second on an RTX 5070 Ti. These
figures are not a direct speed ranking; we instead ask whether
a competition-scale gate-racing policy can be trained reliably
within five minutes.

The sim-to-real gap remains central at high speed. Errors
in thrust, drag, response delay, battery behavior, and state es-
timation can substantially change closed-loop behavior. Do-
main randomization addresses these errors by training over
a distribution of model and observation parameters [7, 8].
Related identification work highlights thrust curves, aero-
dynamic drag, and actuator dynamics as important for real
flight [14, 15]; we retain these effects in a compact control-
oriented form. Continuous-control policies can also con-
verge to saturated or bang-bang commands [16], and policy-
smoothness regularization can reduce high-frequency actua-
tion on real robots [17]. We apply this idea directly to the
body-rate and thrust interface and evaluate the resulting com-
mand signals.

3 PROBLEM STATEMENT

We train a compact feedforward neural policy for high-
speed autonomous drone racing. The track is represented as
an ordered cyclic sequence of gates

G ={Gi}},, (1)

where each gate has a pose and aperture radius. For the A2RL
track, the sequence also contains two virtual gates near the
chicane and ladder. In these sections, the next physical gate
alone does not sufficiently constrain the intended route and
permits shortcuts or trajectories that reduce visibility of sub-
sequent gates. The virtual gates use the same transition and
reward logic as physical gates, but do not represent physical
obstacles. A lap is completed after the vehicle traverses the
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ordered sequence and crosses the first gate again. The ob-
jective is to minimize lap time while avoiding missed gates,
track-boundary violations, and unsafe flight states.

The learned policy is deliberately track-specific: gate ge-
ometry enters both the observation and reward, so a mate-
rially different layout requires retraining. The short training
budget is intended to make this adaptation practical. We focus
on control learning; perception and state estimation provide
the track-relative policy state but are outside the scope of this
paper.

3.1 Learning Formulation

The real task is partially observable because of estimator
uncertainty, actuation uncertainty, latency, battery variation,
and unmodeled aerodynamics. During training, we approxi-
mate it as a randomized finite-horizon Markov decision pro-
cess with noisy observations. The simulator state is

St = (xt,it7ht79)a 2)

where z, is the vehicle state, ¢, the target-gate index, h; re-
cent actions, and 6 sampled physical parameters. The pol-
icy receives a noisy observation 6;, samples an unconstrained
Gaussian action, and applies a hyperbolic tangent,

dt ~ 7T¢(dt | 6t)7

3
a; = tanh(a;) € [-1,1]*, ©

where a; contains normalized roll-rate, pitch-rate, yaw-rate,
and thrust commands. PPO optimizes

H—-1
J(¢)=E lz v%} &)
t=0

over randomized racing episodes.

4 METHODS

We describe the compact simulator, policy interface, re-
ward design, and randomized PPO training setup. The en-
vironment is deliberately simpler than a motor-level quadro-
tor simulator, but retains the closed-loop response effects se-
lected as most relevant for transfer.

4.1 Compact Quadrotor Model

The simulated state contains position, velocity, attitude,
filtered command state, battery voltage, and body rates,

Ty = (ptvvtaQtvuta‘/fmwt)' (5)

The bounded policy commands a; = tanh(a;) € [-1,1]*
pass through a first-order response model,

At
U = Up—1 + 0@y —Us—1), a=1-—exp <—T) , (6)

with separate time constants for roll, pitch, yaw, and thrust.
Filtered rate commands are scaled by the identified maximum
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Table 1: Model-identification errors on the chronological val-
idation split. Rate errors are in deg/s and thrust errors in m/s.

Response 7 [ms] RMSE MAE R2

Roll rate 6.7 10.68 7.37 0.9%94
Pitch rate 12.1 1294 9.61 00978
Yaw rate 124 624 433 0976
Thrust 16.8 029 0.16 0.993

body rates and integrated directly into the attitude. The sim-
ulator therefore omits individual motors, moment-based atti-
tude dynamics, propeller aerodynamics, and the internal rate
controller.

Collective thrust is computed from filtered thrust and bat-
tery voltage as

fr = o+ Crup pne + Couf gy + C3Uf 1y + €4 Vi + 5 1 Vi

(7N
The translational dynamics combine thrust, gravity, and aero-
dynamic drag,

Dt = U, (8)
s=Rig)[0 0 fr/m] +[0 0 —g]" +fo/m.
©)

Drag uses an ellipsoid approximation of the vehicle body,
making projected area direction-dependent, and battery volt-
age follows a linear discharge model. The result is a fast
control-oriented approximation whose dominant uncertain
parameters can be randomized during training. The exact
nominal response, thrust, drag, and body-rate parameters are
provided in the project repository.

We identify the model from approximately five min-
utes of manually flown data spanning the battery-discharge
range. After preprocessing, the body-rate dataset contains
40,389 samples and the thrust dataset 339,948 samples. Both
use a chronological 70/30 training-validation split, yielding
28,272/12,117 rate samples and 237,963/101,985 thrust sam-
ples. For each rate axis, bounded nonlinear least squares es-
timates the first-order time constant by minimizing sample-
wise setpoint-response residuals; a constant offset is com-
puted from the mean residual. For thrust, bounded nonlinear
least squares estimates the response time constant, while the
six coefficients in Eq. (7) are solved by linear least squares
for each candidate time constant to minimize body-frame
vertical-acceleration error. Figure 1 compares measured and
predicted body-frame vertical acceleration, and Table 1 re-
ports validation errors. Additional validation plots and the
exact nominal parameters are provided in the project reposi-
tory.

4.2 Observation and Action Interface

On the real system, an EKF fuses IMU data and gate
detections to estimate the vehicle state in the world frame.
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Figure 1: Measured and predicted body-frame vertical accel-
eration on the chronological validation split.

——
p T _
o 3 6 9 12 15 18 21 0 3 6 9 12 15 18 21

(a) Split-S (b) Ladder

Figure 2: Complex maneuvers on the A2RL Season 2 track.
Color denotes policy speed in meters per second.

The racing environment converts this estimate into current-
gate coordinates, keeping the policy input independent of the
global track frame while preserving the same feature con-
struction in simulation and deployment. The observation is

G, G, (G;  G;
Ot:[pt > Ut agt y Wi 7ut7at—1:t—37‘/t7

dsi, |, dS

(10)
1,54+17 z7i+2]’

where ptG * and th ‘ denote position and velocity in the cur-
rent gate frame, ftg * is relative attitude, th ¢ are gate-frame
angular rates, u; is the filtered command state, a;_1.;—3 are
the previous three actions, V; is battery voltage, and the final
terms describe the next two gate offsets. Gaussian observa-
tion noise approximates estimator uncertainty during training.

4.3 Gate Passing and Termination

Each gate defines a plane and aperture disk. A pass is
registered only when the drone crosses the plane through the
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disk; crossings outside the disk are missed gates. Episodes
terminate after a missed gate, flight-volume violation, battery
or altitude safety violation, gate timeout, or maximum hori-
zon. We do not add a separate gate-collision penalty beyond
termination and the lost opportunity for further progress,
since preliminary penalties encouraged overly conservative
flight near gates, consistent with Ferede et al. [8].

4.4 Reward and Action Regularization

The task reward combines radial progress toward the ac-
tive gate, a sparse gate-passing bonus, lap-time pressure, al-
titude and timeout penalties, and a distance-weighted gate-
facing term. The latter discourages the vehicle from pointing
away from a nearby gate and improves observability for the
onboard EKF by keeping upcoming gates in view.

To discourage control behavior that exploits omitted
inner-loop dynamics, we penalize temporal changes in con-
secutive squashed sampled actions,

i =71 — Aaa [[tanh(a,) — tanh(a,_1)|5,  (11)

and add an /5 penalty on the squashed deterministic policy
mean,

Lactor = Lppo + Ay ||tanh(ﬂ¢(0t))H;:| . (12)

The first term suppresses rapid command variation; the sec-
ond discourages unnecessarily large mean commands and
persistent saturation. Section 5 evaluates their combined ef-
fect on the deployed command interface.

4.5 Policy Optimization and Reset Distribution

We train PPO in the vectorized JAX environment with in-
dependently randomized initial states, observations, actions,
and dynamics parameters. Actor and critic are feedforward
MLPs with two 64-unit tanh hidden layers. The same ar-
chitecture is used throughout the configuration study, seed
study, and deployment. All reported timing experiments use
an NVIDIA GeForce RTX 5070 Ti with 16 GB of VRAM.

Resets are sampled along a cyclic Catmull-Rom spline
through the start position and gate centers. Position, speed,
direction, and attitude are perturbed, and the target gate is
assigned consistently with sampled progress. This broadens
state-space coverage without requiring the deployed policy to
track the spline. The exact reset and noise parameters are
provided in the project repository.

Physical parameters are randomized independently per
episode,

Ki ~ UKD, ). (13)

7 ’ ?

951m = onom Ok,

Table 2 lists the randomized parameters. The distribution
is intentionally low-dimensional and focuses on effects that
strongly influence the closed-loop response. Mass and gravity
remain fixed because mass is largely confounded with thrust
scale through fr/m, while gravity is known accurately.
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Table 2: Domain-randomized model parameters. Scale fac-
tors are sampled independently per episode.

Parameter Randomization Description

T TO» Top> TT' U(0.8,1.2) Command-response time
constants

WE o Wl Wi U(0.8,1.2) Maximum body rates

s U(0.8,1.2) Thrust-output scale

Cp U(0.8,1.2) Drag scale

5 EVALUATION

We evaluate the workflow in four steps. First, we compare
rollout and optimizer settings under the five-minute budget.
We then test repeatability across seeds and quantify the ef-
fect of action regularization. Finally, we examine real-world
transfer and where the compact model remains informative
despite its simplifications.

The track includes the split-S and ladder shown in Fig-
ure 2. The split-S combines a large heading reversal with
vertically separated gate passages, while the ladder requires
rapid altitude changes without sacrificing forward speed. We
use passage of these elements as intermediate training mile-
stones.

5.1 Five-Minute Training-Configuration Study

Figure 3 summarizes a 96-run study over 12 combinations
of parallel-environment count and rollout length. The tested
environment counts are 2048, 4096, 6144, 8192, 10240, and
12288; the rollout lengths are 64, 128, 256, and 512 steps.
The project repository lists the exact pairings. Each rollout
configuration is combined with 8, 16, 32, or 64 minibatches
and either four or six optimizer epochs, while the model, net-
work, reward, and nominal five-minute target remain fixed.
The complete offline configuration study totals 480 nominal
GPU-minutes when run sequentially and is not part of the
per-track deployment cost.

The timed interval begins with the first JAX training
call and includes compilation, rollout collection, PPO up-
dates, and snapshot capture. Setup occurs beforehand; bench-
marks, host logging, checkpoint serialization, and export oc-
cur afterward. The fastest configuration reaches 32 mil-
lion environment steps per second on the RTX 5070 Ti,
but does not achieve the highest lap-completion rate. Some
lower-throughput configurations learn faster and more reli-
ably within the same budget, showing that rollout length,
batch structure, and update allocation matter at least as much
as raw simulation speed.

Snapshots are evaluated with fixed-start and random-start
benchmarks using 256 agents in the configuration study and
512 in the seed study. Each benchmark includes one nom-
inal model, while the remaining agents independently sam-
ple all randomized model parameters; observation and ac-
tion noise are disabled. Rollouts last at most 1000 steps, or
10 s at 100 Hz. We call a policy deployment-ready when at
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—— 64 steps 12288 en s 32 mb 6 update epochs

Figure 3: Training-configuration study over 96 PPO settings with a nominal five-minute target per run. Curves show median
episode reward. Deferred domain-randomized benchmarks provide the track-section markers; stars identify snapshots selected
by fixed-start lap completion. The six configurations with the highest fixed-start lap-completion rates are highlighted.

least 95% of fixed-start agents complete a lap. Figure 3 also
marks the first snapshot for which at least 10% of random-
start agents pass each indicated track section.

Several settings meet the 95% criterion within five min-
utes, whereas others make only partial progress or remain
unreliable. After selecting a configuration through this of-
fline study, the intended workflow uses a single nominal five-
minute training run for a new track.

5.2 Stability Across Seeds

We repeat three configurations with 32 seeds each. Fig-
ure 4 shows that 8192 x 128 and 10240 x 64 learn faster and
more reliably, whereas the failure-prone 4096 x 256 setting
reaches the 95% criterion in only about 10% of seeds. The
stronger results therefore do not depend on an isolated favor-
able seed.

5.3 Effect of Action Regularization

We compare weak and strong action regularization to as-
sess whether the deployment-oriented objective suppresses
bang-bang commands at the body-rate/thrust interface. Fig-
ure 6 shows the normalized policy outputs over the first four
seconds of deterministic fixed-start rollouts. Both policies use
the same model, seed, rollout configuration, and optimizer
settings; only the action-delta, action-magnitude, and entropy
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coefficients differ.

The weak setting uses Aa, = 0.001, A\, = 0, and en-
tropy coefficient 1073; the strong setting uses Aa, = 0.25,
Ao = 0.15, and entropy coefficient 2.5 x 10~°. The weakly
regularized policy repeatedly switches between large com-
mands, whereas the strongly regularized policy avoids rapid
switching and persistent saturation. Over the four-second
interval, the mean ||a; — a;_1||3 decreases from 4.237 to
0.00897, and the fraction of commands near saturation, de-
fined by |a; ;| > 0.95, decreases from 50.00% to 1.06%.
This comparison evaluates the complete regularization setting
rather than the contribution of each coefficient in isolation.

5.4 Real-World Racing Performance

We deploy deterministic mean policies using the same
state construction and body-rate/thrust interface as in train-
ing. The real system uses Weitflug, a research-oriented fork
of Betaflight for agile autonomous flight [18]. The simulated
trajectory in Figure 5 uses the noise-free simulator state; the
real trajectory is reconstructed from the onboard EKF esti-
mate recorded during competition. The policy and simulator
run at 100 Hz. The EKF propagates IMU measurements at
1 kHz and uses camera-based gate observations for correc-
tion.
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Figure 4: Seed-replication study for three representative PPO
configurations. Curves and shaded quantile bands summa-
rize median episode reward over 32 seeds per configuration;
markers indicate benchmark track-section milestones.

The two policies with the highest fixed-start success rates
were deployed in the Silver Cup finals. Each completed an
uninterrupted two-lap run, one during a multi-drone race and
the other during a timed race, with lap times agreeing within
0.1 s. The controller finished eight of ten race entries and won
the Multi-Drone Silver Race [19]. The competition’s VTX
timing system recorded a best lap of 7.799 s, and the onboard
EKF estimated a peak speed of approximately 20 m/s. The
best human and autonomous laps on the same course were
6.283 s and 5.925 s, respectively.

As shown in Figure 5, the nominal and real racing lines
agree well, with the largest deviation near the chicane. Dur-
ing this tight turn, the drone briefly points away from the next
gate, reducing gate visibility and coinciding with a correc-
tion in the estimated trajectory. This behavior supports the
distance-weighted gate-facing reward: progress alone is in-
sufficient when the estimator loses informative visual refer-
ences at critical track sections.

5.5 Model Adequacy and Transfer

This analysis evaluates robustness around the target vehi-
cle and A2RL layout. The policy is track-specific, so a new
layout requires retraining; a new vehicle also requires model
identification. The five-minute workflow keeps this adapta-
tion fast.
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The largest sim-to-real mismatch occurs at the chicane
in Figure 5. High speed, rapid direction changes, and
reduced gate visibility make this section especially sensi-
tive. In Figure 7, the randomized trajectories spread most
strongly around the same sections, indicating that the com-
pact simulator reveals transfer-sensitive regions despite omit-
ting actuator-level dynamics.

The Catmull-Rom spline defines the reset distribution
rather than a reference trajectory. The learned trajectories de-
part from it, especially around the ladder, showing that the
spline broadens state coverage without imposing path follow-
ing.

\

Real ight

— [Simulated ight]

7.5 10.0 12.5 15.0 17.5 20.0
Speed (m/s)

Figure 5: Top-down trajectory comparison for the same pol-
icy in nominal simulation and real flight. Color denotes
speed; the real trajectory is reconstructed from the onboard
EKEF estimate.
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Figure 6: Normalized policy outputs over the first four seconds with weak (left) and strong (right) action regularization. Both
policies reach a similar track position shortly after the split-S; stronger regularization reduces rapid switching and saturation.

atmull Rom re erence spline
=== Nominal model
Domain randomized ights

ates

Figure 7: Nominal and domain-randomized fixed-start trajec-
tories, with the reset spline and gate locations.

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE

6 CONCLUSION

We presented a rapid sim-to-real workflow for au-
tonomous drone racing using a compact body-rate/thrust
model identified from short flight logs and massively paral-
lel PPO in JAX. The fastest configuration reaches 32 million
environment steps per second on an RTX 5070 Ti, but the 96-
setting study and 32-seed analysis show that throughput alone
does not determine learning quality under a five-minute bud-
get. A matched comparison visibly suppresses rapid switch-
ing and reduces the fraction of commands near saturation, de-
fined by |a; ;| > 0.95, from 50.00% to 1.06%. Two selected
policies transferred to the real drone, completed uninterrupted
two-lap runs, and reached speeds near 20 m/s.

The policy is optimized for a specified track: a new layout
requires retraining, and a new platform also requires model
re-identification. The current experiments therefore validate
rapid adaptation for one vehicle and track, not cross-track or
cross-platform generalization. The action comparison also
changes the action-delta, action-magnitude, and entropy co-
efficients together. Future work will separate these effects,
study the trade-off between model fidelity and training speed,
and repeat the complete workflow across additional tracks
and platforms.
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