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Abstract— We present FlightDiffusion, a diffusion-based
framework for training autonomous drones from first-person
view (FPV) video. The model generates FPV video sequences
from a single frame and a text prompt, and derives correspond-
ing state-action trajectories for task-conditioned navigation.
FlightDiffusion leverages generative modeling to synthesize
diverse FPV trajectories and corresponding state-action pairs,
enabling scalable dataset generation without the high cost of
real-world data collection. These datasets support not only the
learning pipeline but also the training of autonomous navigation
systems. Our evaluation shows that the generated trajectories
are physically feasible and executable, with a mean positional
error of 0.25 m (RMSE 0.28 m) and a mean orientation
error of 0.19 rad (RMSE 0.24 rad). This approach establishes
scalable dataset generation and supports reliable navigation
performance. Results in simulated environments indicate stable
trajectory planning and consistent behavior across varying
conditions. An ANOVA revealed no statistically significant
difference between performance in simulation and reality (F(1,
16) = 0.394, p = 0.541), with success rates of M = 0.628 (SD
= 0.162) and M = 0.617 (SD = 0.177), respectively, indicating
effective sim-to-real transfer. The generated datasets provide a
useful resource for future UAV research. This work introduces
diffusion-based video generation as a promising mechanism
for coupling task-level reasoning with executable trajectory
synthesis in aerial robotics.

I. INTRODUCTION

Autonomous navigation for unmanned aerial vehicles
(UAVs) has transformed applications ranging from search
and rescue to autonomous drone racing [1], and rapid
response in unstructured environments [2]. A key barrier
to deploying these systems robustly in complex, dynamic
settings is the challenge of developing navigation policies
that can reason about unseen situations and adapt in real-
time. Traditional data-driven methods, such as reinforcement
learning (RL) [3] and imitation learning (IL) [4], have shown
promise but are notoriously sample-inefficient. They require
vast and diverse datasets of flight experience, which are lo-
gistically complex, expensive, and often dangerous to collect
in the real-world. This reliance on large-scale data creates a
significant bottleneck for innovation and deployment.

To address these challenges, the field is increasingly turn-
ing towards generative models. Recent works have demon-
strated the power of diffusion models to learn complex
quadrotor dynamics [5] and generate specialized aerobatic
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Fig. 1: FPV video generated from a single frame and task
description using a diffusion model, followed by visual
odometry for 3D trajectory and state-action reconstruction.

trajectories [6]. Concurrently, the integration of large lan-
guage models (LLMs), visual-language action, and vision-
language models (VLMs) is endowing drones with high-level
semantic reasoning. These models enable UAVs to inter-
pret natural language commands [7], [8], perform advanced
path planning [9], adapt their behavior based on contextual
understanding [10], [11], and incorporate diffusion-based
video generation for UAV video recording [12]. This has
led to more intelligent and human-responsive systems for
specialized tasks like large-scale mission execution [13].
However, a fundamental gap remains between high-level
semantic planning and low-level, physically grounded con-
trol. While VLMs can infer what actions should be per-
formed, generating precise visuomotor commands for how
to execute them remains data-intensive and difficult to scale.
To address this, we introduce FlightDiffusion, a framework
that bridges this gap by integrating high-level reasoning with
diffusion-based first-person view (FPV) video generation and
trajectory reconstruction. Given a single input frame and task
description, the system generates realistic flight sequences,
which are then converted into 3D trajectories and state-action
representations via visual odometry. This approach enables
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a direct link between semantic reasoning and executable
motion, supporting scalable training of navigation policies.
Our contributions are as follows:

1) We introduce FlightDiffusion, a framework that con-
ditions image-to-video diffusion models on high-level
task descriptions to generate physically consistent FPV
flight videos for autonomous drone navigation.

2) We present a pipeline that converts generated FPV
video into executable trajectory representations by re-
constructing 3D motion and deriving UAV state-action
pairs using visual odometry.

3) We show that FlightDiffusion functions as a scalable
data generation pipeline, producing diverse, action-rich
FPV datasets for UAV and robotics applications. This
reduces reliance on costly real-world data collection
and supports the development of scalable and diverse
navigation datasets.

Unlike traditional approaches that depend on large-scale
manual data collection, our framework leverages generative
models to synthesize FPV video conditioned on high-level
task descriptions, enabling scalable and diverse dataset gen-
eration with minimal human supervision. Instead of directly
producing control commands, FlightDiffusion generates vi-
sually grounded flight sequences from which physically con-
sistent trajectories and state-action pairs are reconstructed via
visual odometry. This formulation bridges the gap between
high-level semantic reasoning and UAV-control by trans-
forming generative visual predictions into executable motion
representations. As a result, the framework produces diverse,
action-rich training data that improves policy robustness and
reduces dependence on costly real-world data collection, pro-
viding a practical pathway toward more scalable autonomous
navigation systems.

II. RELATED WORK

A wide range of approaches has been explored, including
control-theoretic methods, data-driven learning, and, more
recently, generative and foundation models. Despite this
progress, achieving robust generalization across tasks, en-
vironments, and embodiments remains an open problem.
Existing methods often rely on large-scale real-world data
or fail to tightly couple high-level reasoning with low-level
control, motivating more scalable and integrated approaches.

A. Data-Driven UAV Navigation

Autonomous navigation for UAVs has long relied on data-
driven methods such as RL and IL. RL enables policies
to emerge from trial-and-error exploration, but it remains
sample-inefficient and faces persistent sim-to-real transfer
issues. IL offers a more direct route by using expert demon-
strations [14], but its scalability is constrained by the expense
of collecting large amounts of high-quality data. Recent
advances attempt to overcome these barriers. [15] demon-
strated RL-based UAV navigation in cluttered, GPS-denied
spaces, showing adaptability but at the cost of intensive data
requirements. Similarly, [16] proposed an IL framework for

orchard environments that uses a variational autoencoder-
based controller to map raw RGB inputs directly to controls,
reducing reliance on explicit mapping but still requiring
repeated expert interventions. These works underscore the
need for scalable alternatives to raw experience collection.

B. Generative Models for UAV Dynamics

Generative models, particularly diffusion models, have
recently emerged as a promising paradigm in aerial robotics.
DroneDiffusion has been used to learn quadrotor dynamics
directly from data, offering improvements over classical
models [5], while [6] applied diffusion to synthesize aero-
batic trajectories beyond the reach of conventional planners.
Constraint-guided extensions such as Constraint-Guided Dif-
fusion [17] further integrate safety and feasibility constraints,
ensuring that the generated UAV trajectories remain dynam-
ically valid and collision-free.

SwarmDiffusion [18] introduces an end-to-end diffusion
model that jointly predicts visual traversability and gener-
ates feasible trajectories directly from RGB observations.
PRESTO [19] introduces a learning-guided motion planning
framework that generates seed trajectories using a diffu-
sion model for trajectory optimization, enabling efficient,
collision-free path generation in narrow-passage environ-
ments. GooDFlight [20] introduces a goal-oriented diffusion
model for flight trajectory prediction, decoupling the pro-
cess into goal estimation and trajectory prediction stages
to improve accuracy, diversity, and interpretability. In a
recent study, a conditional text-to-image diffusion model was
proposed to generate a synthetic aerial dataset for UAV de-
tection, demonstrating significant improvements in detection
precision when trained on synthetic data and evaluated on
real-world datasets [21].

A diffusion model has been introduced to characterize the
flock generation process of UAV systems, with a proposed
flocking control algorithm that effectively avoids collisions
and analyzes system capacity through both simulation and
real-world experiments [22].

C. Foundation Models for UAV Intelligence

The integration of foundation models has advanced UAVs
toward semantic and contextual reasoning. VLMs and LLMs
have been used to translate high-level instructions into ex-
ecutable goals [23], [9], [11]. NavFoM [24] introduced a
unified foundation model trained on multiple robot embodi-
ments and tasks, demonstrating robust generalization without
task-specific tuning. VLM-RRT [25] guides sampling-based
motion planning with semantic cues from language, demon-
strating how VLMs can inject task awareness into low-level
planners. Similarly, [26] compared synthetic and real training
data for navigation, highlighting the persistent sim-to-real
gap and the value of hybrid strategies. These works illustrate
how foundation models can reason about what to do, but
typically rely on hand-crafted or existing controllers for how
to do it.

10228



ITI. SYSTEM ARCHITECTURE

The FlightDiffusion system employs a modular pipeline
comprising three core stages: Visual Reasoning and Mission
Planning, Video Generation, and 3D Trajectory Reconstruc-
tion (Fig. 1), with the hardware configuration detailed in
Table I.

The first module interprets the scene and generates high-
level, semantically rich commands. We leverage Gemini
2.5 Flash [27], a powerful multimodal VLM from Google
DeepMind, for this task. The pipeline is initiated by a single
RGB image, denoted as Ilj;p,, which is captured from an
onboard drone camera. This image is then converted into a
standardized tensor, I;;, which is fed into the Gemini API
alongside a structured natural language prompt engineered
to elicit specific reasoning about the environment and the
desired drone maneuver. This approach allows Gemini 2.5
Flash to perform long-horizon planning tasks implicitly by
understanding complex scene geometry and objects (e.g.,
gates, obstacles, windows). The output of this module is a
text string, Cpission, that encapsulates the high-level mission
plan.

The core task of visual trajectory generation is achieved
through a powerful generative model. This stage takes the
standardized image I;;; and the mission command Cjgsion as
conditional inputs. Our approach leverages the conditioning
mechanism inherent in contemporary image-to-video (I2V)
diffusion models, which generate video sequences from an
initial frame and a text prompt. This capability is now
standard in state-of-the-art systems such as Luma Ray?2 [28],
Google Veo 2 [29], Seedance 1.0 Pro [30], and Wan 2.2
[31]. For the purposes of this study, we selected the Wan 2.2
I2V Fast model, prioritizing its operational efficiency and
high output fidelity. This model was chosen for its ability to
generate high-quality, temporally consistent short videos Veen
conditioned on a starting image and a text prompt describing
the desired motion (e.g., “a drone flying forward through
a gate”). The average video generation time ranges from
20 to 60 s. This latency is currently acceptable for offline
data synthesis and subtask-level planning, but it remains a
bottleneck for fully real-time reactive navigation.

The generated video Vgep is processed using a monocular
visual odometry module, ORB-SLAM3 [32], to reconstruct
the camera motion and obtain a 3D trajectory estimate
(Fig. 2). From this trajectory, state-action representations are
derived based on the estimated pose evolution. These data
are then used to train control policies for autonomous flight.
In deployment, the drone executes the learned policy using
real-time visual input, effectively closing the loop between
synthetic data generation and real-world operation.

IV. SKILL REPETITION FROM GENERATED VIDEOS

The reasoning block serves as the high-level planner in
FlightDiffusion, mapping a user command and an input
image to a structured flight plan. It employs a multi-modal
LLM to perform scene understanding and task-conditioned
planning. The process is as follows:

Fig. 2: Visual odometry pipeline for a synthetic video show-
ing sequential processing for pose estimation and trajectory
reconstruction: (a) initial frame, (b) ORB-SLAM tracking,
(c) first-frame features, and (d) last-frame features.

TABLE I: UAV Hardware Configuration

Component Specification

ASUS NUC, Intel Core i5-1240P, 16 GB RAM
Intel RealSense T265, 848x800

Intel RealSense D455, 848x480

SpeedyBee F405 V4

SpeedyBee BLS 55A

BrotherHobby Avenger 2810, 1180 KV

Onboard Computer
Stereo Camera VIO
Navigation Camera
Flight Controller
ESC

Motors

o Input Processing: The block receives a static image
from the drone’s onboard camera (or a simulated initial
frame) and a natural language task description (e.g.,
“enter the restaurant through the door”).

« Contextual Analysis: The image is encoded and pro-
vided to the LLM together with structured prompts,
including a system prompt defining the planning role
and output format, and a user prompt specifying the
task.

o Mission Generation: The LLM extracts semantic in-
formation from the scene (e.g., obstacles, landmarks,
and free space) and integrates it with the task objec-
tive to generate a step-by-step flight plan. The output
includes waypoints, motion primitives, and maneuver
descriptions, forming a structured representation of the
desired trajectory.

Skill acquisition from generated videos is enabled by
treating the pipeline output as a synthetic training source
for the drone’s control system. The process is as follows:

« Video and Trajectory Generation: The mission de-
scription produced by the reasoning block conditions
a video diffusion model, which generates FPV video
sequences representing candidate flight trajectories.

« State-Action Extraction: The generated video is pro-
cessed with visual odometry to reconstruct a physically
consistent 3D trajectory, from which state-action pairs
are derived based on the estimated motion.

o Policy Training: These trajectories form a structured
dataset of state-action pairs, enabling training of UAV
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control policies via IL or RL.

« Repetition and Generalization: By sampling diverse
initial conditions and task variations, the framework
produces a wide range of trajectories, allowing the pol-
icy to learn robust and generalizable behaviors without
extensive real-world data collection.

V. TRAJECTORY AND ACTION-SPACE EXTRACTION FOR
M1isSION EXECUTION

In our method, the 3D trajectory is extracted from the
synthetic monocular FPV video using ORB-SLAM3 operat-
ing in pure monocular mode. The system does not perform
global mapping; instead, it reconstructs a local-consistent
short-horizon camera motion. The main idea is to take a
generated FPV video sequence, Vgen = Io, 11, ...,In, Where I;
denotes the synthetic frame at time ¢, and convert it into a
physically consistent 3D trajectory.

The process can be formalized as a function F' mapping
the video to a trajectory:

world (t) = F (Vgen: OsLam), (D

where T5om (1) € SE(3) is the estimated camera pose (a
rigid body transformation matrix) for frame I;, and ®Ogpam
represents the parameters and state of the Simultaneous
Localization and Mapping (SLAM) system (e.g., the map,
keyframes, covisibility graph).

For each new synthetic frame I;, ORB-SLAM3 performs
the following key steps:

1) Feature Extraction and Matching: ORB features
are extracted from I, resulting in a set of keypoints
K, = {k;} with descriptors. These are matched against
features in the current map M or a reference keyframe.

2) Pose Optimization: The camera pose is estimated by
minimizing the reprojection error between matched
3D map points X; € R3, and their corresponding 2D
keypoints k;.

T* =arg min
TEeSE(3)

Lo (ll=rx) k). @

where 7(-) is the camera projection function and p is
the robust kernel (e.g., Huber), to mitigate the effect
of outliers.

3) Map Point Triangulation and Bundle Adjust-
ment: New map points are triangulated from matched
keyframe features, and local bundle adjustment op-
timizes keyframe poses and map point positions for
consistent sparse reconstruction.

The output is a sequence of optimized camera poses
{To,T1,...,Tn} forming the trajectory T.2™ (7) as well as

world
state-action pairs (&,v) for the drone to follow.

Algorithm 1 Trajectory Extraction from Synthetic Video

1: Input: Generated video Vien
2: Output: Estimated trajectory
State-Actions(&,v)
Initialize ORB-SLAM3 system (Monocular mode)
for each frame I; in Ve, do
T; + ORB-SLAM3.Track(l;)
Add T; to trajectory
StorePair(§ v¢) > Record the state-action pair
end for
return trajectory

{T07Tl7"°7TN}9

> Solve Eq. 2

current?

R AN

The drone’s state is continuously estimated in real-time
using the OpenVINS[33] pipeline. The state of the drone at
time ¢ is defined by its pose in the world frame:

& =Ipq)", 3)

where p; = [x,y,z]7 € R3 is the positional coordinate and q;
is the unit quaternion representing the orientation.

The trajectory {7o,Tj, ..., Ty } extracted from the synthetic
video consists of a sequence of desired future poses, T, €
SE(3).

This trajectory is then passed on to the described con-
troller to generate the velocity commands v¢ that guide the
physical drone. The complete navigation pipeline is given in
Algorithm 2.

Algorithm 2 Full Navigation Pipeline

1: Input: Global Task Description, Initial Real Image I{f‘al
2: Reason about task and generate subtask list L
3: for each subtask s; in L do

4. Reason s; and image ™4

5:  Generate synthetic video Ve, for s;

6:  Extract desired trajectory {79} from Veen

7. for each T in trajectory do

8 while drone has not reached T,-des do

9 Estimate current state &, and velocity v¢
10: Send v¢ to flight controller

11: end while

12 end for

13:  Take a new Image I;eal

14: end for

VI. EXPERIMENTAL EVALUATION
A. Trajectory Generation

To evaluate the quality of the generated video, we first
extracted the trajectory from the synthetic sequence and
then executed the corresponding flight using a real drone
while recording video from its onboard camera. We then
compared the generated and real visual streams and features.
A qualitative comparison showed strong visual consistency
between the generated video frames (Fig. 3), Igen[N], and
the corresponding image captured by the camera onboard at
the completion of the task, feq[N]. The first and last frames
exhibited similar semantic cues and geometric structures.
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Fig. 3: Drone trajectory comparison: VICON recorded UAV
trajectory (red) vs. synthetic video estimation trajectory
(blue). Right: synthetic and real frames with ORB feature
matches. Maneuvers: (a) center-gate flight, (b) right turn, (c)
circumnavigation.

Since ORB-SLAM3 in monocular mode estimates motion
up to an unknown similarity transform, the raw trajectory
cannot be directly compared to the VICON data in metric
units. For evaluation, we recover a global similarity trans-
form:

S=(s,R,t) € Sim(3), “4)

to align the generated trajectory with the VICON trajectory.
The scalar s provides the metric scale, while R and t align
orientation and origin. Translational errors in Table II are
computed after this alignment.

For quantitative evaluation, we compared the aligned
generated trajectory with the trajectory performed by the
UAV, as measured by the VICON tracking system. Using a
sequence of K corresponding poses, the translational error at
each step k was defined as the Euclidean distance between
the estimated position Pgen[k] = (X, yk,2x), while the rota-
tional component was represented by its Tait-Bryan angles
(yaw, pitch, roll) Ogen[k] = (Wi, 6k, ¢r) and the ground-truth
position Pg[k] = (X ks Ver k2 k) and orientation Oy k] =
(Wer ks Ot 1, g i)

€trans [k] = Hpgen [k] —Pgt [k] ||2 . )]

The orientation error was quantified as:

erot[k] = || O gen[K] — Ot[K]|, - (6)

TABLE II: Quantitative results of trajectory tracking.

Metric Translation (m) Rotation (rad)
Mean Error 0.25 0.19
Max Error 0.44 0.51
RMSE 0.28 0.24

The aggregated results from three experimental trials are
presented in Table II. The low values for all error metrics
demonstrate that the generated trajectory closely matches the
actual flight path, with an average positional RMSE of 0.28 m
and an orientation RMSE of 0.24 rad.

B. Scale Ambiguity and Trajectory Error Analysis

Let s* denote the true global scale and § the estimated
scale. If the monocular trajectory is Py in arbitrary units, the
metric estimate is:

P = Sir, (7
whereas the true metric position is:
t A
P =5 Pr, ®)

under an ideal shape reconstruction. The resulting translation
error induced purely by scale error is:

el = (§— ) Pr- ©9)
Taking the Euclidean norm gives:

|§ 5]

el ~ == lIp§'[1>- (10)

This relationship shows that the translational error grows
approximately linearly with the distance traveled from the
alignment origin. Consequently, part of the translation RMSE
reported in Table II and the drift trend observed in Fig. 3 may
arise from uncertainty in the global scale estimate rather than
solely from local pose reconstruction errors.

The remaining errors can be primarily attributed to the
stochastic nature of the diffusion process in video generation,
which introduces variability in the synthesized trajectories.
In particular, the model may produce hallucinated elements
that are not present in the initial scene, especially when
the prompt references objects or structures that are weakly
supported by the visual input. We observed that such artifacts
can slightly distort the predicted trajectory, typically leading
to unnecessary avoidance maneuvers or brief tracking of non-
existent targets.

To mitigate this effect, the visual odometry pipeline can be
augmented with a safety filtering stage based on point-cloud
and visual analysis derived from visual odometry feature
observations of the initial frame. By comparing the recon-
structed scene structure with the generated content, features
associated with hallucinated elements can be identified and
removed. This filtering step helps ensure that the resulting
trajectory remains consistent with the actual environment
and reduces the impact of diffusion-induced artifacts on
downstream control.
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Fig. 4: Long-horizon real-world experiment. The point-cloud map of the flight arena is shown with the executed UAV
trajectory (green) and task-conditioned trajectories for successive subtasks (yellow). After each subgoal, the UAV captures
an image and generates the corresponding reasoning task for video generation to complete the global task.
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Fig. 5: Success rates for nine maneuver types in simulation
and real-world experiments.

C. Simulation vs. Real-World Maneuver Evaluation

To evaluate the transfer of autonomous flight performance
from simulation to reality, each of nine distinct maneu-
vers (including forward flight, tunnel navigation, collision
avoidance, and landing) were executed twenty times in
both a simulated and a real-world environment, yielding a
success rate for each condition (Fig. 5). For the simulation
experiments, we used the Small City world [34] and an
office environment [35] in the Gazebo simulation. A two-
way analysis of variance (ANOVA) without replication was

Fig. 6: The experimental UAV platform in a flight arena.

conducted to assess the effects of the environment (simu-
lation vs. reality) and the maneuver type on the success
rates. The analysis revealed no statistically significant main
effect of the environment (F(1,16) = 0.394,p = 0.541),
indicating that the overall mean success rate in simulation
(M = 0.628,SD = 0.162) was not significantly different
from that in reality (M = 0.617,SD = 0.177). However,
a highly significant main effect of maneuver type was
found (F(8,16) = 26.250,p < 0.001), confirming that the
intrinsic difficulty varied substantially across the different
flight tasks. A paired-sample t-test corroborated the ANOVA
finding, showing no significant difference between the paired
conditions (¢(8) = 0.318,p = 0.758). These results demon-
strate that while the complexity of maneuvers significantly
influences performance, the simulation serves as a highly
valid environment, with overall system performance being
statistically equivalent to real-world operation.

D. Long Horizon Task

Objective. The primary objective of the experiment was to
evaluate the drone’s ability to autonomously complete a com-
plex long-horizon navigation course in simulated (Fig. 7, 8)
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4. "Ascend higher to
see the tower” [

Fig. 7: Simulation environment for long-horizon tower in-
spection. Green: ArduPilot SITL trajectory; yellow: gener-
ated trajectories. Input images and task specifications are
shown for each planning stage.

and physical real-world (Fig. 5, 6) testing environments.
Global Task Definition. The global long-horizon task
prompt was defined as follows:

o Simulated outdoor environment (Fig. 7). “The drone
navigates over the city, proceeds to the first crossroads,
makes a right turn, locates the tower, ascends, and
performs an inspection of the structure”.

o Simulated indoor environment (Fig. 8). “The task in-
volves exploring an office environment to locate a
wooden door and then navigating to exit the room
through it”.

o Real-world environment (Fig. 6). “Navigate through two
gates, pass an arch, avoid yellow obstacles, make a
right turn, cross a square and an arch gate, fly between
colored mats, traverse a black tunnel, follow a ground
arrow and land on a white cross”.

Setup. The global task was decomposed into steps such
as: Navigate to Arch Gate 1, Avoid Yellow Obstacles, Turn
Right, etc. For each subtask, the model performed reasoning
based on the current FPV camera image (see Fig. 4). A video
trajectory was generated for each step, and keyframes were
processed to extract the trajectory. After completing a subtask
(e.g., passing the first arch gate), the drone state was updated
and a new image captured. The drone then switched to hover
mode while waiting for the next trajectory.

Results. FlightDiffusion successfully completed the long-
horizon mission in 5 min 20 s in the real-world environment,
4 min in the outdoor simulation, and 2 min 10 s in the indoor
office simulation, with an average speed of 1 m/s in the real-

1."Fly forward in the
office.”

2. "Turn right to
search fora
wooden door."

Fig. 8: Simulated office environment designed for long-
horizon tasks involving locating and reaching a door.

world trial. Each subtask required about 30 s to generate
the synthetic video. The generated trajectories were realistic
and physically feasible, and could be reliably converted into
executable flight paths. Figs. 4, 7, and 8 show the generated
trajectories (yellow) and UAV trajectories (green).

VII. CONCLUSION AND FUTURE WORK

This paper introduced FlightDiffusion, a diffusion-model-
based framework for autonomous drone navigation and
dataset generation that integrates generative video synthesis
with trajectory reconstruction. The proposed approach ad-
dresses key challenges in data-driven aerial robotics, partic-
ularly the limited availability of large-scale training data and
the sim-to-real transfer gap.

The core strength of FlightDiffusion lies in its dual
capability. It serves both as a learning pipeline tool, en-
abling reasoning-driven navigation from a single FPV frame,
and as a scalable data generation pipeline. The framework
synthesizes diverse FPV trajectories and reconstructs cor-
responding state-action representations, providing a cost-
effective approach to dataset creation. This is supported by
quantitative results showing low reconstruction error, with a
positional RMSE of 0.28 m and an orientation RMSE of 0.24
rad, indicating that the generated trajectories are physically
consistent and executable. Evaluation across simulated and
real-world environments shows no statistically significant
difference in performance (ANOVA: (F(1,16) =0.394,p =
0.541); paired t-test: (¢(8) = 0.318,p = 0.758)), suggesting
that policies trained on synthetic data can transfer effectively
under the evaluated conditions. Additionally, the effect of
maneuver type (F(8,16) =26.250,p < 0.001) indicates that
task difficulty varies across scenarios and is reflected in the
system’s performance.

A limitation of the current approach arises from monocular
reconstruction, which introduces scale ambiguity and may
lead to drift over longer trajectories. In addition, the stochas-
tic nature of diffusion-based video generation can produce
hallucinated or weakly grounded elements, leading to minor
deviations in the reconstructed trajectory. While the resulting
trajectories remain physically consistent and executable, fu-
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ture work will focus on incorporating additional constraints,
such as depth estimation or scene-consistent filtering, to
improve robustness. In summary, FlightDiffusion provides
a practical approach for linking high-level task reasoning
with low-level control through diffusion-based video gener-
ation and trajectory reconstruction. The framework enables
scalable dataset generation and supports the development of
robust navigation policies. Future work will focus on re-
ducing inference latency, expanding environmental diversity,
and incorporating additional sensory modalities to further
improve generalization and real-time applicability.
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