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Abstract— We present a novel framework demonstrating
zero-shot sim-to-real transfer of visual control policies learned
in a Neural Radiance Field (NeRF) environment for quadrotors
to fly through racing gates. Robust transfer from simulation
to real flight poses a major challenge, as standard simulators
often lack sufficient visual fidelity. To address this, we construct
a photorealistic simulation environment of quadrotor racing
tracks, called FalconGym, which provides effectively unlimited
synthetic images for training. Within FalconGym, we develop
a pipelined approach for crossing gates that combines (i) a
Neural Pose Estimator (NPE) coupled with a Kalman filter to
reliably infer quadrotor poses from single-frame RGB images
and IMU data, and (ii) a self-attention-based multi-modal
controller that adaptively integrates visual features and pose
estimation. This multi-modal design compensates for perception
noise and intermittent gate visibility. We train this controller
purely in FalconGym with imitation learning and deploy the
resulting policy to real hardware with no additional fine-tuning.
Simulation experiments on three distinct tracks (circle, U-turn
and figure-8) demonstrate that our controller outperforms a
vision-only state-of-the-art baseline in both success rate and
gate-crossing accuracy. In 30 live hardware flights spanning
three tracks and 120 gates, our controller achieves a 95.8%
success rate and an average error of just 10cm when flying
through 38 cm-radius gates.

I. INTRODUCTION

Autonomous vision-based quadrotor control is crucial for
a range of high-impact applications, including racing, search-
and-rescue, and exploration. Several challenges exist for vi-
sual flight. First, visual control is often fragile: Geles et al. [1]
demonstrated impressive quadrotor racing performance with
a vision-only actor-critic approach, yet their system degraded
when gates were out of view for multiple frames, posing
safety risks. Second, sim-to-real transfer remains difficult
[2] because visual control policies trained in conventional
simulators may not generalize reliably to the real world due
to differences in visual features and dynamics.

Recent advances in neural scene representations, such as
Neural Radiance Fields (NeRF) [3] and Gaussian Splat-
ting [4], provide an opportunity for creating photorealistic
simulation environments, which can be used for training
visual control policies. Although prior works have shown
promising zero-shot neural-scene to real transfer for hu-
manoid robots [5] and grasping [6], few have focused on
quadrotors, which demand higher speeds and control fre-
quencies than ground robots. SOUS VIDE [7] is a notable
exception, which uses Gaussian Splat [4] for neural scene
representation and achieves impressive zero-shot drone navi-
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Fig. 1: Our autonomous quadrotor, equipped with an ArduCam
RGB camera and an IMU-enabled Navio2 on a Raspberry Pi 3,
can successfully fly through a sequence of small 38 cm-radius gates
with an average of only 10 cm error to gates center.

gation by distilling an expert MPC controller to a lightweight
end-to-end policy.

In this paper, we address the sim-to-real gap for quadrotor
gate crossing by developing a photorealistic simulation en-
vironment, FalconGym, and designing a new visual control
model for quadrotors using it. Within FalconGym, we design
a Neural Pose Estimator (NPE), which combined with a
Kalman filter, to produce pose estimates. We then propose a
self-attention-based multi-modal control policy that, unlike
conventional fusion, can dynamically reweight the vision
features and pose estimation inputs based on gate visibility
to enhance robustness against perception errors. Finally, we
train our multi-modal controller in FalconGym via imitation
learning and deploy the resulting policy on a real quadro-
tor without any additional fine-tuning. In FalconGym, our
controller completes ten laps on each of the three four-gate
tracks (circle, U-turn, and figure-8) with a 100% success
rate across all tracks and an average gate-crossing error of
6.3, 10.1, and 5.1 cm for 38 cm-radius gates. In real-world
experiments using the same tracks and lap count, the success
rate and precision decrease slightly but remain notable:
100%, 87.5%, and 100% success on the circle, U-turn, and
figure-8 tracks with average errors of 10.7, 11.1, and 9.4cm.
This performance is impressive given the relatively large size
of our quadrotor (30 cm x 34 cm % 11 cm), which leaves
little margin for error for 38 cm-radius gates.

In summary, our contribution is threefold. First, we



demonstrate a novel framework to achieve zero-shot sim-
to-real transfer of NeRF-trained visual control policies for
quadrotors navigating through a sequence of small gates.
Second, we develop FalconGym, a photorealistic simulation
environment for agile, vision-based quadrotor flight, provid-
ing an open benchmark for visual flight control research.
Third, we make two innovations that make our neural
controller’s architecture practical:(i) A one-shot Neural Pose
Estimator (NPE) coupled with a Kalman filter; (ii) A self-
attention-based sensor fusion scheme that integrates vision
features and pose estimation for quadrotor flight.

II. RELATED WORK

a) Neural Scene Representations in Robotics: Neural
scene representations like NeRF [3] and Gaussian Splat
[4] have recently emerged as powerful tools for photo-
realistic 3D scene reconstruction. Variants and extensions
have been applied to diverse robotics tasks, including 3D
scene editing [8], pose estimation [9], grasping [10] and
navigation [11]. NeRF2Real [5] and RialTo [6] demonstrate
the potential sim-to-real transfer for ground robots and robot
arm manipulation. [7] achieves zero-shot drone navigation
using policies trained in Gaussian splat scenes. In addition to
using NeRF representations for training, our work also uses
a completely different solution architecture than [7] and we
solve the navigation problem with harder constraints in the
shape of 38 cm-radius gates.

b) Sim-to-Real Transfer in Robotics: Sim-to-real trans-
fer has long been a cornerstone of robotics research, valued
for its efficient and risk-free training. Traditional methods
such as domain randomization [12] and system identifi-
cation [13] are commonly employed to narrow the gap
between simulation and reality. These techniques and their
variations have enabled successful sim-to-real deployments
in quadruped locomotion [14], bipedal walking [15], and
autonomous driving [16].

c) Visual Flight: Visual flight has attracted consid-
erable interest recently. Kaufmann et al. [17] combined
convolutional neural networks with advanced path-planning
to achieve drone racing capabilities, while Geles et al. [1]
extended agile flight racing to an end-to-end image-based
policy, with an impressive speed upto 40 km/h. However,
their visual control’s performance deteriorates when racing
gates are out of view for extended periods. Other approaches
have explored learning aggressive acrobatic flying maneuvers
through imitation learning [18] or through carefully sim-
ulated sensor noise for robust outdoor flight [19]. Further
progress has been made in autonomous flight to match human
champion performance with Visual Inertial Odometry (VIO)
and deep reinforcement learning with onboard sensors [20].

d) Sensor Fusion: Robots frequently integrate multiple
sensing modalities to improve accuracy and resilience. In
prior work, [7] [18] combine IMU measurements with
visual features through a MLP for flight control. Recent
sensor fusion approaches have also embraced attention-
based architectures [21], including fusing camera and LiDAR
signals for 3D perception [22], or employing self-attention

on electromyography (EMG) and IMU data for lower-limb
locomotion control [23], fusing goal image with current
observation through transformers for better navigation [24],
However, most of these advances have been focused on
ground robots rather than aerial systems.

Fig. 2: FalconGym can render photorealistic images from different
poses. The left column shows four real world images captured by
the Arducam in our flight area, while the right column displays
images rendered by FalconGym at the same coordinates.

III. METHODOLOGY

In this paper, we address the challenge of enabling a
vision-centric quadrotor to autonomously fly through a series
of small 38 cm-radius gates while adhering to hard safety
constraints—specifically, avoiding collisions and staying on
track, as shown in Figure [T] and Figure @ Our objective is
to train the controller entirely in simulation and zero-shot
transfer the resulting control policy directly to real-world
environments without additional fine-tuning.

In the following subsections, we first describe how we
construct our FalconGym simulation environments that are
aligned with the real-world coordinate system. We then intro-
duce our perception module, which leverages a Neural Pose
Estimator (NPE) to infer the quadrotor’s state from onboard
camera images, where its estimate is further improved by
fusing high-frequency IMU data via a Kalman filter [25].
Lastly, we detail our controller design, which fuses visual
features and pose estimation with a self-attention mechanism
and is trained via DAGGER-style [26] imitation learning.

A. FalconGym Construction

We define a frack as a sequence of gates arranged in
various poses within a designated flight area, as illustrated
in Figure @] For each track, we want to build a FalconGym
F' that can render a photorealistic image v from any virtual
camera pose p, i.e., v = F(p).
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Fig. 3: The architecture of our visual flight system consists of a perception module and a control module. In the blue box, the perception
module processes onboard camera images using a ViT-based Neural Pose Estimator (NPE) and improves its estimates with IMU data via
a Kalman filter. The purple box details the control module, where a self-attention mechanism fuses state embeddings with vision features.

To train our FalconGym simulation environment, we first
collect a dataset D = {(v;, p;)}., where v; € RW*hx3
is an RGB image taken at camera pose p; € RS, which
comprises 3D position and orientation. A human operator
walks around each track for approximately five minutes,
capturing N ~ 1500 images from diverse viewpoints with
an ArduCam RGB camera of known intrinsic parameters.
Simultaneously, a localization marker is mounted on top of
the camera and tracked by a Vicon® motion capture system.
This system yields sub-millimeter precision (= 0.15mm
mean error [27]) and eliminates the need for Structure
from Motion (SfM) pipelines such as COLMAP [28], which
typically introduce larger alignment and scale uncertainties
than a motion capture system. All sensor data, including
camera images and pose information, are synchronized via
ROS.

After approximately 15 minutes of training D with NeRF
[3] on an NVIDIA RTX 4090 using the open-source nerfs-
tudio library [29], we obtain a FalconGym model capable
of generating photorealistic images for any novel camera
poses. Figure [2] provides a qualitative comparison between
real-world images and those generated by FalconGym.

B. Perception Module: NPE with Kalman Filter

State estimation is essential for stable quadrotor flight, as
it provides crucial pose feedback needed by the controller.
In this work, we adopt a standard RGB camera (Arducam),
popular in quadrotor setups, rather than more expensive or
computationally demanding tracking cameras or LiDARs.

To estimate camera pose directly from an RGB image, we
propose a Neural Pose Estimator (NPE), as shown in the blue
box in Figure 3] An iterative approach like iNeRF [9] can
also estimate camera pose by optimizing the pose to match
a target image through gradient-based refinement, but that
process is too slow for real-time flight. Instead, we train a
single-shot neural network NPE to estimate pose.

For the backbone of NPE, we use a pretrained Vision
Transformer (ViT) [30] on ImageNet-21k [31], freezing its
early layers to leverage robust, generic feature representa-
tions, then we attach a learnable regression head to predict

camera pose. Instead of directly regressing orientation (pitch,
roll, and yaw), we predict their sine and cosine values to
avoid discontinuities associated with circular data at 27,
and later converted to orientation using a trigonometric
transformation.

A key advantage of neural scene representation is the abil-
ity to generate large synthetic datasets without the overhead
of real-world data collection. For each of our FalconGym
simulation environment, we randomly sample M ~ 10k
camera poses p; in the workspace and render corresponding
images v; = F'(p;) using the previously trained FalconGym
to form a dataset Dy = {(vj,p;)}}L,. We then train NPE
to learn the mapping v — p.

Despite this rich synthetic dataset, single-frame predictions
may still be noisy under challenging visual conditions (e.g.,
motion blur or ambiguous viewpoints), leading to abrupt
frame-to-frame jumps. To mitigate such transient errors, we
fuse the NPE estimates with IMU data z € RS (repre-
senting three-dimensional linear and angular accelerations)
in a Kalman filter, assuming a double integrator model
for the quadrotor’s dynamics. This fusion strategy not only
smooths out pose estimates, but also could accommodate
asynchronous sensor rates in hardware experiments: if the
camera runs at a lower frame rate, the Kalman filter can still
update state estimates from the IMU until the next image
arrives.

We model the entire perception pipeline, which consists of
NPE followed by the Kalman filter, as a function P; that is,
given an input image v and IMU data z, the model outputs
an estimated pose p = P(v, z). In practice, we observe that
it takes about 1 hour to train the NPE model, and the entire
perception pipeline has an average of 7ms inference time
on a NVIDIA RTX 4090, making the proposed perception
pipeline feasible for real-world deployment.

C. Controller Architecture: Self-Attention

Although one could directly feed the estimated state to a
state-based controller (as explored in Section [[V-D), large
perception errors could affect downstream controller and
lead to constraints violations like collision or off-track.



Fig. 4: Trajectory plots for three tracks: circle (left), U-turn (middle), and figure-8 (right). The top row shows the real-world gate setups
in our indoor flight area, the middle row visualize 10-lap trajectories in FalconGym using our Multi-Modal(MM) controller, and the
bottom row displays trajectories from real hardware experiments, where the same controller was deployed without additional fine-tuning.
In FalconGym, our MM controller achieves a 100% gate crossing success rate across all tracks. Although real-world trajectories exhibit
greater variability, the MM controller still achieves success rates of 100%, 87.5%, and 100% on the circle, U-turn, and figure-8 tracks,
respectively. Red crosses indicate points where the quadrotor collided with a gate.

Inspired by residual connections in deep networks [32] that
can improve model accuracies and attention mechanism
[21] in fusing different inputs, we instead design a Multi-
Modal (MM) controller that fuses visual feature and state
information with self-attention, as illustrated in the purple
box of Figure [3]

For the visual branch of the MM controller, we employ
another pre-trained, partially frozen ViT [30] to process
raw RGB images. The output of its final layer is passed
through a trainable head that projects the visual features
into a 256-dimensional embedding, capturing essential gate-
related vision cues. In parallel, on the state branch of the MM
controller, we feed the estimated state (from Section |HLE[),
IMU data, and the next gate’s ground truth pose (obtained
when we arranged the track) into a Fully Connected (FC)
network, obtaining a second 256-dimensional embedding.

To effectively leverage the visual and state modalities, we
apply a multi-head self-attention layer to the concatenated
visual and state embeddings. This mechanism enables the
network to adaptively focus on whichever branch (visual or
state-based) is most relevant in a given context. For instance,
when the gate is clearly visible, the attention mechanism can
emphasize image features, whereas in poor gate visibility or
occlusion scenarios, it can learn to rely more on IMU data.
Finally, another trainable FC network outputs the control © €
R3 (representing the acceleration in three directions), which

are then fed into closed-loop control in both FalconGym
simulation environments and real-world experiments.

Yaw is handled separately by a proportional controller,
since the yaw estimates from our perception module is
relatively accurate (see Table [[ and Figure [5).

D. Training via Imitation Learning (DAGGER)

Our objective is to train the Multi-Modal (MM) controller
with self-attention mechanism to cross gates on various
tracks, by learning from a teacher in a DAGGER-style
imitation learning framework [26].

1) Expert Controller: We begin by implementing an ex-
pert state-based controller [33] that uses precise ground-truth
states and gate poses to produce expert actions for gate
navigation, i.e. uj = 7*(ps, 2¢, g¢), Where p; is the ground-
truth camera (quadrotor) pose, z; is the IMU data, g, € RS is
the next gate center’s pose, and u; is the expert acceleration
control generated by the expert controller 7* at timestep ¢.

During each iteration, we inject carefully-designed mild
random noise into expert’s control output, i.e. u}* = u} +
N(0,0?), to encourage the quadrotor to visit states beyond
its nominal trajectory, yet still remain capable of crossing
gates. This practice, akin to domain randomization [19] and
DAGGER [26], broadens the data distribution and exposes
the policy to less-frequently visited states.

2) Quantile-Based Perception Error Modeling: Inspired
by the “perception contract” concept [34], [35], we explic-
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Fig. 5: Qualitative evaluation of the perception module P is shown. Blue dots represent a subset of D¢ (see Section , which
compare the pose estimation from perception module P against the ground truth pose. The black line indicates perfect estimation, while
the orange shaded area denotes the 10-90% quantile range of perception errors, which is used to augment the controller training dataset
Dc. The close clustering of tblue dots around the black line demonstrates that our perception module achieves accurate pose estimation.

itly model the error between ground-truth and estimated
states. First, we employ the expert controller (with domain
randomized control) in FalconGym, to collect a dataset
Do = {(pt,pe) H<1 where p; = P(F(p;),2) is the pose
estimation by NPE and Kalman filter (Section [[II-B). We
gathered K ~ 10k over 500 runs in FalconGym. Next,
we apply quantile regression [36] to Dy to estimate the
conditional 10th and 90th percentiles of the estimation error
distribution, denoted Qo.1(p) and Qq.9(p). These quantiles
define an empirical 80% prediction interval for the error term
p — p such that

P(Qo.l(p) < p—p < Qoolp) \p) > 0.8

as demonstrated experimentally in Figure [3]

Finally, rather than assigning a single estimated pose to
each ground-truth pose, for each p, we randomly sample 50
perturbed pose p within this interval:

5= p+ Unif(Qo.1 (1), Qoolp) ).

The rationale is that, for a given true pose p, multiple
plausible estimates p might exist, yet all of which should
lead to the same expert action. By data augmentation using
this quantile range, we prepare our controller for perception
uncertainties.

3) Controller Dataset Collection.: By above augmen-
tation, we form the final controller dataset with size of
R ~500k samples: Do = { (v;, fr, 21, 91, (uf)) V1, where
vy = F(p:) is FalconGym-rendered image at ground-truth
pose p:, p; is the sampled pose estimation from the above
quantile range, z; is IMU data, g; is the next gate’s pose,
and uj = 7*(py, 2t, g¢) is the expert action.

4) Multi-Modal Controller Learning: We train our MM
controller 7 (vy, Py, 2¢, g¢) with supervised learning by mini-
mizing the squared error between its predicted acceleration
and the expert action:

R
. ~ *
min E Hut — ut’
™
t=1

2
., where @y = 7(ve, Br, 2, 1)

The training takes about 10 hours on a 4090 GPU to finish
due to large amount of training data, but the inference time
of the controller is only about 11ms.

IV. EXPERIMENTS

In this section, we first describe our hardware setup and
track configuration. We then evaluate the proposed approach
in the previous section using well-established performance
metrics and compare it with state-of-the-art baseline.

A. Closed-Loop System Setup in Hardware

We conduct our hardware experiments on a quadrotor
measuring 30cm X 34cm x 1lcm, equipped with a Rasp-
berry Pi 3® and a Navio2® board for flight control, as shown
in Figure |1} The Navio2® incorporates an onboard IMU and
streams acceleration data at up to 50hz. An ArduCam global-
shutter camera is also mounted on the quadrotor, in order to
reduce both computation and communication overhead, we
operate the camera at 20Hz and downsample the image size
to 320 x 240.

All sensor data, including camera images and IMU mea-
surements, are published to ROS topics on the Pi. An
offboard workstation, connected on the same subnet as the Pi
and equipped with an NVIDIA RTX 4090 GPU, subscribes
to these topics. Then we perform the perception (Section [ITT]
and controller inference (Section offboard, and
finally sends the computed control actions back to the Pi
via another ROS topic. Empirically, we measure an end-to-
end latency of about 39ms between when sensor data are
sent and when control commands are received. This allows
us to maintain a stable 20Hz (50ms delay) control loop in
the hardware. To be consistent, we also use a At = 0.05s
step size (i.e. 20Hz) for training in FalconGym as well.

Our indoor flight area measures 6m x 6m X 3m, given this
limited operational area, the expert controller is configured
to fly at a constant velocity of 1m/s for safety reason.
Empirically, we observe that at this speed, the quadrotor’s
motion closely follows a double integrator model, justifying
its use as the assumed dynamics in FalconGym. We design
three distinct tracks within the flight area, each comprising



TABLE I: Evaluation of the perception module. The table compares the Neural Pose Estimator (NPE) used alone versus
with Kalman filtering, and evaluates perception module’s performance of zero-shot sim-to-real transfer.

FalconGym ‘ Real World
NPE NPE + Kalman Filter ‘ NPE NPE + Kalman Filter
Track Pose Err. [cm]] Yaw Err. [deg]] Pose Err. [cm]] Yaw Err. [deg]] ‘ Pose Err. [cm]] Yaw Err. [deg]] Pose Err. [cm]| Yaw Err. [deg]]
Circle 339 4.7 21.8 4.1 34.9 6.3 22.1 6.0
U-turn 55.5 11.0 32.3 7.6 475 19.8 33.6 12.6
Figure-8 424 7.7 24.0 6.4 443 12.4 26.2 9.0

four gates with 38 cm inner radius, of diverse geometries and
sharp turns (namely circle, figure-8, and an acyclic U-turn),
as shown in Figure 4} During track setup, we pre-record the
precise poses of all gates to ensure accurate gate information
for both simulation and hardware experiments.

Although a Vicon® motion-capture system is available, as
noted in Section it is used strictly for logging the
quadrotor’s trajectories and identifying the next gate center
based on the quadrotor’s live position. The next gate’s pose
information is relayed to the offboard workstation through
ROS as another input to the MM controller, as shown in
Figure |3 but our controller does not use any ground truth

quadrotor pose information from Vicon®.

B. Validation of FalconGym

In Figure 2] we qualitatively demonstrated the realis-
tic visual fidelity of our FalconGym. We now provide a
quantitative analysis using three standard metrics for neu-
ral scene representation: peak signal-to-noise ratio (PSNR)
which measures the pixel-wise reconstruction quality, struc-
tural similarity index (SSIM) [37] which gauges structural
similarity, and learned perceptual image patch similarity
(LPIPS) [38] that captures perceptual differences by com-
paring feature embeddings.

For each track, we compare hundreds of the real
ArduCam-captured images against the images generated by
our FalconGym. As summarized in Table the recon-
structed scenes achieve an average PSNR of 28.3dB, SSIM
of 0.87, and LPIPS of 0.27 across the three tracks. These val-
ues are consistent with those reported by the original NeRF
work on a real dataset [3]. Consequently, our FalconGym
serves as a solid foundation for the subsequent perception
and control modules.

C. Perception Module Evaluation

Next, we evaluate the perception module from Section [[T+]
to answer two main questions: (i) Does Kalman filtering
reduce NPE estimation error? (ii) Can a perception model
trained entirely in our FalconGym maintain similar perfor-
mance when transferred to real world?

We measure two key error metrics: the error between the
predicted and ground-truth pose, and the error between the
predicted and ground-truth yaw. To isolate perception per-
formance from the controller, we use the expert state-based
controller [33] to fly 10 laps on each track from slightly
different initial poses, both in FalconGym and in hardware

experiments. Over these trials, we record ground-truth poses,
raw NPE estimates and Kalman-filtered estimates.

Table |I| summarizes these perception results. We see that,
in FalconGym, the NPE alone achieves relatively accurate
yaw prediction. However, NPE’s position error in Falcon-
Gym averages 43.9cm, which poses a risk for gates of only
38cm radius. Once fused with the Kalman filter, we see a
significant drop in pose estimation error (26 cm), given that
IMU data compensate for some perception error. Comparing
FalconGym and real world data, we observe slightly higher
perception errors in the real-world setting (an average of
27.3cm) than FalconGym (an average of 26cm), likely re-
flecting minor domain gaps between rendered FalconGym
images and actual camera feeds.

Overall, these findings confirm that Kalman filter enhances
state estimation and the overall perception module has a
similar sim-to-real performance.

TABLE II: Evaluation of FalconGym Photorealism quality.

Track # Images PSNR(dB) T SSIM?T LPIPS| Time

Circle 1583 28.3694 0.8720 0.2689 12m 49s
U-turn 1094 28.3205 0.8677 0.2929 12m 33s
Figure-8 839 28.3691 0.8852 0.2665 12m 48s

D. Controller Evaluation

Following the visualized gate-crossing trajectories shown
in Figure ] we next present a quantitative analysis that ad-
dresses two main questions:(i) Does our Multi-Modal (MM)
controller outperform a vision-only state-of-the-art (SoTA)
baseline? (ii) Can our MM approach transfer effectively from
FalconGym to real hardware?

We quantify how well the quadrotor controller upholds the
hard constraints (avoiding collisions or going off-track) using
two metrics: (i) Success Rate (SR) measures the percentage
of gates that the quadrotor safely flies through; (ii) Mean
Gate Error (MGE) evaluates the average distance between
the quadrotor and the gate center at the time of crossing.

We implemented four different controllers for our ex-
periments: (i) Expert (State-based): A controller from Sun
et al. [33] with full ground-truth state access; (ii) SoTA
vision-only Baseline: A method adapted from Geles et al. [1],
where a privileged critic observes the full state during
training, while the actor relies on images and past actions
at inference and do not need IMU; (iii) Direct Perception
(DP): our naive method that directly feeds our perception
output from NPE and Kalman filter into the state-based



controller; (iv) Multi-Modal(MM): our approach which fuses
image embeddings and state embeddings via self-attention

To remain faithful to the baseline’s setup, we apply the
same gate-detection method of [1] (HIL experiments) in
simulation that projects known 3D gate positions into 2D
image coordinates using the camera’s intrinsics and extrin-
sics. In addition, because the baseline struggles when gates
disappear for consecutive frames, we further add a yaw-
control heuristic to keep the quadrotor facing the next gate
whenever possible.

Each of the fours controllers is run for 10 laps on the
circle, U-turn, and figure-8 tracks (4 gates per track) with
slightly varied initial poses in FalconGym. DP and the base-
line are excluded from the real world hardware experiments,
as their low simulation success rates raise safety concerns.

TABLE III: Evaluation of controllers by Success Rate (SR)
and Mean Gate Error (MGE) in FalconGym and real world.

FalconGym | Real World
Method SRt MGE([ecm] | | SRT MGE [cm] |
Circle State-based 100% 2.49 100% 6.22
Baseline [1] 100% 6.62 n/a n/a
Ours (DP) 90% 16.0 n/a n/a
Ours (MM)  100% 6.25 100% 10.7
U-turn State-based 100% 342 100% 9.80
Baseline [1] 100% 11.9 n/a n/a
Qurs (DP) 52.5% 11.3 n/a n/a
Ours (MM)  100% 10.1 87.5% 11.1
Figure-8 State-based 100% 5.11 100% 9.30
Baseline [1] 25% 8.44 n/a n/a
Ours (DP) 20% 16.2 n/a n/a
Ours (MM)  100% 513 100% 9.40

Table summarizes the results. In FalconGym, we see
that MM controller consistently achieves higher SR (100%)
and lower MGE than DP, primarily due to sensor fusion com-
pensating for inaccurate perception. The baseline also attains
100% SR on circle and U-turn tracks but has slightly worse
MGE than our MM controller and experiences a drop in SR
on the figure-8 track, where gates remain out of view for
extended periods. By contrast, our MM controller maintains
100% SR across all tracks. The expert controller achieves
near-perfect MGE thanks to full ground-truth access, which
naturally surpasses our MM controller learned by imitation
learning.

In real world hardware experiments (right portion of Ta-
ble[M), the expert again demonstrates flawless gate crossings
but shows a slight increase in MGE, likely due to discrepan-
cies between the real quadrotor and the approximate double-
integrator dynamics used in FalconGym. Our MM controller
achieves 100% SR on the circle and figure-8 tracks and
87.5% SR on the U-turn track (5 failures out of 40 gates
over 10 runs). Further investigation shows that these failures
consistently occur at the second gate of the U-turn track.
We identified a few minor artifacts in the corresponding
FalconGym simulation environment that appear to introduce
a non-trivial sim-to-real visual gap: when we provide the
MM controller with an artifact-affected image instead of
a real-world image—while keeping the camera pose and

other inputs identical—we observe a marked difference in its
control outputs. Nonetheless, the MGE for all tracks remains
sufficiently low (average of 10.4cm) relative to the 38 cm
gate radius, and only slightly higher than its FalconGym
counterpart (average of 7.2cm). These results indicate that
our controller effectively conforms to the hard constraints
of avoiding collisions and staying within gate boundaries in
real-world scenarios.

Overall, these experiments show that (i) our MM controller
surpasses both naive DP approach and vision-only SoTA
baseline in FalconGym by effectively fusing sensor inputs
through self-attention, and (ii) our MM controller generalizes
well from FalconGym to hardware, validating our approach’s
ability for zero-shot sim-to-real quadrotor crossing gates.

V. CONCLUSION

In this work, we present a novel visual control framework
for quadrotor gate navigation that achieves zero-shot sim-
to-real transfer. Leveraging our photorealistic FalconGym
simulation environment, we train a visual controller that
integrates visual features and pose estimation through a self-
attention-based sensor fusion mechanism, making it robust
to perception errors. Experiments in both FalconGym and
hardware demonstrate high performance of our approach.

Nonetheless, performance can degrade due to visual do-
main gaps, mismatches between FalconGym’s simulated
dynamics and the true quadrotor, and offboard computation
or communication delays. Future directions include replacing
our NeRF backend with Gaussian Splatting [39] for faster,
higher-fidelity rendering; training policies that generalize to
unseen tracks; incorporating physics-based dynamics [40]
beyond a double-integrator model for aggressive maneuvers;
distilling perception and control modules for fully onboard
execution; and exploring high-speed flights to handle motion
blur and tight perception—action coupling.
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