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ABSTRACT

Recent advancements in world models have made significant strides in the fields of
autonomous driving and robotic motion, showing great potential as the foundation
for general artificial intelligence. Although DiT with 3D VAE has made significant
progress in this field, existing models have yet to be effectively applied to low-
altitude scenarios, still facing challenges such as difficulty in acquiring conditions,
unstable sampling, and data scarcity, which render current methods ineffective.
In this paper, we introduce a new research problem: Low-Altitude World Mod-
els(LAWM), focusing on the applicability of world models in low-altitude sce-
narios. To address these issues, we propose DroneDreamer, a novel LAWM that
incorporates an adaptive viewpoint control mechanism and an image style domain
adaptation technique, enabling multi-view conditional generation with limited
conditions. Additionally, we construct a drone flight dataset collected from a sim-
ulated modeling environment and a data processing pipeline, along with a progres-
sive training strategy to ensure the accuracy of control capabilities and style adap-
tation, as well as generalizability. Consequently, our model achieves a 58% im-
provement in image generation capabilities on the drone flight dataset compared to
specialized models, and a 63% improvement in multi-view consistency compared
to combined baseline models. We believe DroneDreamer can provide a foun-
dational world model for the low-altitude UAV domain, benefiting low-altitude
navigation tasks, data generation, flight prediction, and inspiring valuable applica-
tions.Our code is available at https://anonymous.4open.science/r/DroneDreamer-
B629

1 INTRODUCTION

In recent years, world models have demonstrated significant success (Yu et al., 2025; Li et al., 2025;
OpenAI, 2024), proving their potential as foundations for general artificial intelligence. Multi-view
video generation enhances world models’ ability to perceive and understand environments in tasks
like autonomous driving (Zhou et al., 2024b; Gao et al., 2024c; Zhou et al., 2025b) and robot motion
control (Liu et al., 2025). The low-altitude UAV domain, marked by challenges such as data scarcity
and complex environments, has seen attempts to apply world models (Zhao et al., 2025). Multi-view
low-altitude world models are thus crucial for expanding the scope of world models and improving
their ability to manage complex environments.

Current research on multi-view generation mainly focuses on robot motion (Sakagami et al., 2023)
and autonomous driving (Guan et al., 2024), both requiring complex control conditions. While
robot motion emphasizes manipulation and indoor modeling, autonomous driving centers on lane
trajectories and driving behaviors. These approaches face challenges in complex, multi-dimensional
low-altitude environments, where dataset scarcity and the difficulty of obtaining traditional control
conditions lead to uncontrollable videos and discrepancies with real-world environments. Recent
efforts have attempted to separate background from objects (Zhou et al., 2024b), and improve video
resolution and generation length (Gao et al., 2024c; Ruiyuan Gao, 2025). However, these models
are limited by their domains and the complexity of their control conditions.

This paper introduces a novel research problem:Low-Altitude World Model (LAWM). The goal is to
establish a world model capable of perceiving, understanding, and generating complex low-altitude

*Corresponding author.
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Input prompt:On a sunny day in a green suburban park adjacent to a road, the drone moves steadily 

forward ...

Current 

Observation

Frame 1 Frame 6

Frame 11 Frame 16

Figure 1: In low-altitude environments, DroneDreamer can predict trajectory-consistent multi-view
flight videos based on the current front-view observation. The six viewpoints are evenly distributed
around the UAV in a circular arrangement.

environments, with multi-view as a key perceptual ability. Our approach proposes a low-altitude
world model with simple input conditions, controllable trajectory generation, omnidirectional multi-
view perception, and output adaptation across various styles. Derived from world models (Ha &
Schmidhuber, 2018) and navigation models (Bar et al., 2025), this model goes beyond video gen-
eration, positioning it as a comprehensive world model. It expands existing research by providing
a platform for low-altitude interactive environments. A demonstration of the model’s generated
examples is shown in Figure 1.

Building on the LAWM concept, we propose DroneDreamer, a novel low-altitude multi-view world
model. Extending the MagicDrive-V2 architecture (Ruiyuan Gao, 2025), we introduce input adap-
tive masking and image style adaptation mechanisms. The input adaptive masking mechanism
enables adaptation to varying conditions by detecting inputs and concatenating denoising layers,
addressing missing control conditions in low-altitude environments. The image style adaptation
mechanism utilizes class-wise AdaIN from image style transfer (Chigot et al., 2025) to handle dif-
ferent style outputs and compensate for missing real data. We also constructed a six-view UAV
flight dataset with diverse styles, trajectory, and semantic segmentation annotations, formatted in
nuScenes (Caesar et al., 2020).

We conducted evaluations on the constructed low-altitude UAV flight dataset and compared it with
three widely accepted models, including both end-to-end models and combined models. Our ex-
periments show that DroneDreamer outperforms end-to-end multi-view models, achieving improve-
ments in the quality of various style outputs and multi-view consistency. Compared to combined
models, we achieve similar image quality with fewer parameters and faster inference speeds, while
significantly surpassing existing models in multi-view consistency. Besides, DroneDreamer also
surpasses other models in terms of generation stability. More importantly, DroneDreamer’s strong
historical frame control capabilities provide reliable predictive simulations for UAV navigation.

The key contributions of this work are as follows:

• We introduce low-altitude world models, expanding the research dimensions and applica-
tion space of existing models.

• We propose the first low-altitude multi-view world model, addressing key challenges with
input adaptive masking and image style adaptation, and construct a high-quality multi-view
dataset for the low-altitude domain.

• Experiments show that our model outperforms others in multi-view consistency and pro-
vides reliable predictions, laying the foundation for future UAV navigation with our en-
hanced control capabilities.

2
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Prompt: A 

drone ...

Prompt: A 

drone ...

World 

Model
Observations

Trajectory

Radar

Map
VLM

Dataset

Agent
Prediction

Action

Figure 2: Illustration of the role and positioning of Low-Altitude world models

2 LOW-ALTITUDE WORLD MODEL

2.1 BACKGROUND

World models have been widely explored in recent years (Ding et al., 2025), with applications in
robot motion prediction (Hu et al., 2025), edge data generation for autonomous driving (NVIDIA,
2025a), and text-to-video exploration (Yang et al., 2025). Recent studies, such as NWM (Bar et al.,
2025) and Airscape (Zhao et al., 2025), attempt to apply world models in real-world settings. Our
contribution lies in defining the role of world models in low-altitude environments and addressing
their unique challenges, providing a new research direction.

Low-altitude world models apply to complex three-dimensional environments, where they perceive,
interpret multimodal inputs, and generate environmental predictions, as shown in Figure 2. However,
creating such models still faces significant challenges:

• Lack of aerial datasets. Training such a world model requires multi-view flight data from
real-world environments along with corresponding camera angle annotations. Existing
datasets are either focused on the autonomous driving domain or consist of single-view
flight data.

• Missing control conditions in low-altitude environments. Existing multi-view video gener-
ation models rely on 3D modeling of the surrounding environment and BEV-Maps, which
are limited to confined spaces or planar motion. In low-altitude scenarios, traditional con-
trol conditions are costly to obtain, and the top-down view cannot account for height vari-
ations.

• The distribution gap between base models and low-altitude world models. In multi-view
video generation, existing open-source autonomous driving models focus on lane-keeping
and vehicle driving behaviors. However, UAVs operate under more degrees of freedom,
generating scenes that include on-site rotation, height variations, and combinations of mul-
tiple actions, making the generation more challenging.

To address these issues, we first construct a dataset of 350 scenes to train world models. We col-
lect multi-view UAV flight data from a simulated environment and use large multimodal models to
annotate the dataset with scene descriptions. To supplement data style, we first perform semantic
segmentation on images using the EoMT (Kerssies et al., 2025) method, and then apply the style
transfer model from CACTIF (Chigot et al., 2025) to reference real flight images for style adaptation.
Subsequently, we design a three-stage training plan to train the model as a multi-view low-altitude
world model.

2.2 PRELIMINARIES

Diffusion Models Denoising Diffusion Probabilistic Models (DDPMs) (Ho et al., 2020) are a family
of generative models that define a forward noising process and a reverse denoising process. In the

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2026

forward diffusion process, Gaussian noise is gradually added to the original data x0 over T steps.
In contrast to the forward diffusion process, the reverse denoising process is the procedure of itera-
tively removing noise fromxT to recover the original data distributionx0. In practical applications,
we typically perform the diffusion and denoising processes in the latent space sampled from the
VAE (Rombach et al., 2022). To train such a model, recent research mainly adopts the v-prediction
method (Esser et al., 2024), training the model to predict the denoising speed and minimizing the
MSE loss, the loss is defined as:

xt = (1− t)x0 + tϵ

Ldiffussion = Eϵ∼N (0,I)

∥∥∥∥Vθ(xt, t)−
1

1− t
(xt − ϵ)

∥∥∥∥2
2

where t ∼ lognorm(0, 1) is normalized time step and Vθ is the model.

Problem Formulation This paper addresses the problem of low-altitude multi-view controllable
video generation. Given a sequence of frame conditions {St}, t ∈ {0, . . . , T}, the goal is to gen-
erate the corresponding low-altitude flight video from the latent variable z ∼ N (0, I)under the
given conditions, i.e., {Ic,t} = F({St}, zt), where c ∈ {0, . . . , C}represents C viewpoints. To
achieve control over the generated video, we modify the traditional autonomous driving control
conditions (Ruiyuan Gao, 2025; Gao et al., 2024b) by adding or removing conditions. Specifi-
cally, the frame control conditionsSt = {C,L, Trt, Segt, I0} include camera angle information
{C} = [Rc, tc], where L describes the entire flight motion scene,representing the overall flight en-
vironment and behaviors,Trrepresents the rotation and position changes relative to the first frame
at each time step,Segcaptures the semantic information of different parts in the viewpoint,and the
first-frame image, I0 ,which can be an image from any moment and any viewpoint, offers a flexible
control option for generating frames from any viewpoint. Therefore, the training objective of this
paper is defined as:

Lcon−dif = Eϵ∼N (0,I)

∥∥∥∥Vθ(xt, t | St)−
1

1− t
(xt − ϵ)

∥∥∥∥2
2

3 DRONEDREAMER FRAMEWORK

3.1 LOW-ALTITUDE MULTI-VIEW DATASET

We constructed a multi-view UAV flight dataset containing 365 urban scenes, with corresponding
trajectory, text, and semantic segmentation annotations. The dataset was created using our custom
pipeline, which incorporates semantic segmentation and style transfer for realistic data adaptation.
Detailed descriptions of the dataset construction process and statistics can be found in Appendix A.2.

3.2 OVERVIEW OF DRONEDREAMER

Figure 3 illustrates an overview of the model architecture. Building upon the MVDiT architecture
of MagicDrive-V2 (Ruiyuan Gao, 2025), we retain the injection branch for control signals (NVIDIA,
2025a) and employ cross-attention mechanisms for text, trajectory and camera viewpoints (Rom-
bach et al., 2022). Our model extends the 3D VAE + MVDiT framework, where input images are
downsampled through the 3D VAE and subsequently undergo a denoising process via MVDiT.

However, the original primary control signals, such as the 3D bounding box and BEV-map, pose
significant challenges in low-altitude environments. The 3D bounding box is difficult to obtain
and highly complex, while the BEV-map, when transitioning from an autonomous driving planar
environment to a more intricate 3D low-altitude environment, fails to fully represent complex height
information. Therefore, we have removed these two controls and introduced a simple yet efficient
input adaptive masking control, using visual information as a conditional control for generation.
Further details are provided in Section 3.3.

Another challenge is that our data come primarily from flight scenes in a simulated environment,
resulting in a domain gap between the data distribution and real-world environments. To address
this issue, we have incorporated class-wise AdaIN and a main-view style cross-attention mecha-
nism (Chigot et al., 2025) into the model, thereby reducing the distribution gap between generated
images and real-world environments. Further details are provided in Section 3.4.

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

3
D

 V
A

E

E
n
c
o

d
e

r

Mask

M
u
lti-H

e
a
d

S
e
lf-A

tte
n
tio

n

M
u
lti-H

e
a
d

C
ro

s
s
-A

tte
n
tio

n

C
ro

s
s
-V

ie
w

A
tte

n
tio

n

M
a

in
-V

ie
w

A
tte

n
tio

n

F
e
e
d
 F

o
rw

a
rd

Base Blocks

M
u

lti-H
e

a
d

S
e
lf-A

tte
n
tio

n

M
u
lti-H

e
a
d

C
ro

s
s
-A

tte
n
tio

n

C
ro

s
s
-V

ie
w

A
tte

n
tio

n

M
a
in

-V
ie

w

A
tte

n
tio

n

F
e
e
d
 F

o
rw

a
rd

Control Blocks

C
la

s
s
-W

is
e
 

A
d
a
IN

refZ

Z

3D VAE

Decoder

T
5

 

E
n
c
o

d
e

r

Text 

ViewView

Traj.Traj.

S
e

q
.C

o
n

d
.E

m
b
.

Seq.Cond.

Emb Labels

In
p
u
t A

d
a
p
tiv

e
 

M
a
s
k

Figure 3: Overview of the DroneDreamer architecture. DroneDreamer takes multimodal informa-
tion and current observations as input to generate multi-view predictive videos. We introduce an
input adaptive masking mechanism and a style adaptation module to address the challenges of the
low-altitude domain.

Furthermore, DroneDreamer employs a progressive training strategy, starting from simulated im-
ages to simulated images guided by the main view, and then to real-world images with main view
guidance and style transfer, thereby enhancing the model’s scalability and control capabilities. Ad-
ditionally, out-of-frame extrapolation and adaptive control extrapolation are performed beyond the
training setup (Section 3.5).

3.3 INPUT ADAPTIVE MASKING CONTROL MECHANISM

Transitioning from the original flat autonomous driving environment to a multi-degree-of-freedom
low-altitude environment presents a key challenge: maintaining model stability and controllability
in the absence of traditional control conditions. To address this limitation, we employ reference
image injection to ensure the controllability of the generated video. The original MagicDrive-V2
base model (Ruiyuan Gao, 2025) does not support this functionality, and without traditional 3D
bounding boxes and BEV-maps, it often suffers from inconsistent generation sampling and missing
buildings. Since the reference image operates in a different dimensional space compared to the
original control conditions, it should not be injected through the same control branch as the original
control conditions.

To address this issue, inspired by the work in HyperMotion (Xu et al., 2025), we extend its la-
tent space and manually designed mask to incorporate viewpoint control and reference frame con-
trol, utilizing an adaptive masking mechanism, as shown in Figure 3. When reference frames are
provided, which can be from any viewpoint and for any duration, we first create an empty vec-
tor with the same dimensions as the video to be denoised. Then, the reference frames, encoded
through the 3D VAE structure, are embedded into this empty vector to obtain the latent vector
Lref ∈ RB×NC×C×T×H×W . Simultaneously, a binary mask M ∈ RB×NC×3×T×H×W is con-
structed, where M = 1 at the positions where the reference is provided and M = 0 elsewhere.
This mask explicitly controls the positions to be denoised and the positions where the reference is
provided. Finally, the reference latent, mask latent, and denoised latent are concatenated along the
channel dimension to form the final input to the denoising network:

Linput = Concat(Lnoisy, Lref,Mref) ∈ RB×NC×35×T×H×W (1)

5
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3.4 STYLE ADAPTATION DESIGN

Our primary data is sourced from drone flight data collected in a simulated environment. There
exists a domain gap between simulated and real-world data, such as differences in color distribu-
tion, surface details, etc. However, multi-view drone flight faces limitations like data scarcity, high
annotation acquisition costs, and complex scenes. Applying style adaptation techniques to enhance
the model’s few-shot style adaptation capability is crucial. Recent works have demonstrated that
diffusion models possess domain adaptation capabilities (Zhang et al., 2023), but post-processing
techniques can significantly increase model parameters and inference time. Therefore, we integrate
domain adaptation capabilities into the existing model through architectural modifications, rather
than relying on post-processing.

We applied two methods that are commonly used in recent style transfer models. First, we add a
main-view cross-attention layer to the original MVDiT block. When the latent undergoes attention
computation in this layer, cross-attention is applied between the images from the other viewpoints
and the main-view image as follows:

Attention(Qov,Kmv, Vmv) = softmax
(
Qov ·KT

mv√
d

)
· Vmv (2)

Next, we add a class-wise AdaIN layer at the output of each denoising step in the model. To ensure
that the image semantic labels and latents are aligned in dimensions, we sample the labels at the same
scale Ilabel ∈ RB×NC×T×H×W . Specifically, the class-wise AdaIN layer is defined as follows:

AdaIN(Iov, Imv) = σ(Imv)

(
Iov − µ(Iov)

σ(Iov)

)
+ µ(Imv) (3)

where µ and σ represent the mean and standard deviation calculated across the spatial dimensions
for each channel and each semantic category. This design enables the transfer of texture and color
information while ensuring that the semantic information of the image remains unchanged. In the
absence of label input, we use a global AdaIN strategy.

3.5 THREE-STAGE MODEL TRAINING STRATEGY

To gradually transition the model to low-altitude scenes and improve controllability, we adopt a
three-stage training strategy: starting with uncontrolled simulated flight scenes, transitioning to sim-
ulated flight scenes with main-view control, and finally using a small dataset of real-world style-
transformed flight data with main-view control. This strategy is based on past experience with au-
tonomous driving world model training: in controllable generation, the model prioritizes generation
quality over learning controllability (Gao et al., 2024d).

In the first stage, we train using all simulated environment flight data with a relatively high learning
rate, allowing the model to quickly transition into the generation domain. In the second stage, we
introduce the input adaptive masking mechanism and a new fully connected layer, inputting the
main-view images from the flight videos to train the control capabilities of reference frames. In
the third stage, we freeze the original model parameters and only train the newly added main-view
cross-attention layer, inputting a small number of style-transformed images along with semantic
segmentation. This training strategy allows the model to generalize over the original reference
viewpoints and time, while providing diverse input options.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Dataset and Baseline. We performed validation on the low-altitude dataset we constructed, which
includes multi-view drone flight data with various styles and flight behaviors. Our baseline mod-
els are divided into two categories: end-to-end models and composite models. The end-to-end
model employs the MagicDrive-V2 fine-tuned on the low-altitude dataset. The composite models
include Qwen-Image-Edit + CogVideoX-5B-I2V (Yang et al., 2025) and stable virtual camera(SVC)
+ CogVideoX-5B-I2V (Zhou et al., 2025a; Yang et al., 2025), which belong to the multimodal large

6
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Sample 0 Sample 0

Sample 1 Sample 1

DroneDreamer MagicDrive-V2

Figure 4: From top to bottom, we show the repeated sampling results of DroneDreamer and the
baseline model.

Model Hybrid Styles Realistic Styles Simulated Styles

FID ↓ mIoU ↑ FVD ↓ FID ↓ mIoU ↑ FVD ↓ FID ↓ mIoU ↑ FVD ↓
Magicdrive-V2 173.02 0.150 1500.62 230.06 0.149 1619.90 172.51 0.149 1524.40

Qwen+CogVideoX-i2v-5B 51.08 0.125 1255.69 70.27 0.120 2342.03 59.67 0.128 973.68
SVC+CogVideoX-i2v-5B 66.81 0.123 1305.98 84.80 0.120 2607.53 81.34 0.124 892.35

DroneDreamer 73.31 0.238 463.94 83.62 0.238 516.21 138.53 0.237 493.84

Table 1: Evaluation of multi-style, six-view video prediction results of various world models in low-
altitude environments.

model + video generation model and omnidirectional view generation model + video generation
model, respectively.

Evaluation Metrics. We evaluate the realism and controllability of video and image street scene
generation. For video generation, we adopt the same evaluation methodology as W-CODA2024 (Or-
ganizers, 2024), using FVD to assess both video quality and viewpoint consistency. For image gen-
eration, we adopt the metrics from MagicDrive (Gao et al., 2024c). Image quality is measured using
FID, and the controllability is evaluated using mIoU. All metrics are evaluated on three styled im-
age datasets, namely hybrid, realistic, and simulated styles.Experimental details are provided in the
appendix A.3.

4.2 COMPARISON OF EXPERIMENTAL RESULTS

4.2.1 QUALITATIVE RESULTS

Consistency Performance Figure 5 illustrates the consistency issues faced by baseline models in
low-altitude environments, as well as a comparison of generation results. The original baseline
model exhibits insufficient viewpoint consistency. The generated viewpoint images from the base-
line model are nearly identical, lacking rotational variation between viewpoints. In contrast, our
DroneDreamer not only ensures image correspondence between multiple viewpoints but also main-
tains the spatial relationships of viewpoint rotations, generating more coherent multi-view videos.

Comparison of Repeated Sampling Results Figure 4 provides a comparison between our method
and the baseline models, showing multiple samplings under fixed input conditions during drone
flights. To validate the effectiveness of our control conditions, we conducted repeated sampling
experiments on both the fine-tuned MagicDrive-V2 and DroneDreamer. The results demonstrate
that our model maintains stability in the visible regions of the front view, while the baseline model
exhibits significant variation, with entirely different scene compositions.

7
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Current Observation: Only Main-View Prompt: "On a clear day above a park with scattered trees, the drone moves 

forward ...

Drone

Dreamer

Qwen

CogVideoX

SVC

CogVideoX

MagicDrive-

V2

Figure 5: Qualitative comparison between DroneDreamer and baseline methods on multi-view video
generation.

4.2.2 QUANTITATIVE RESULTS

Table 1 presents the experimental results of our method compared to the baseline models. We
consider two groups of comparisons, based on which we draw the following conclusions.

Our proposed DroneDreamer achieves the best overall performance. Compared to the state-
of-the-art methods, we have achieved the best balanced performance in terms of image generation
quality and video consistency. Compared to the end-to-end model, we improved by 57.6% in the FID
metric and 69.1% in the FVD metric. In terms of scene control ability, we achieved the best results
in the mIoU metric, with a 58.6% improvement compared to the existing best method. Compared to
the composite model, we achieved comparable results in the FID metric, particularly in real-world
environments, where the gap is minimal. However, in terms of FVD, we achieved an improvement
63.1%. Notably, in complex flight environments, DroneDreamer shows a significant improvement
compared to the best model.

Baseline models exhibit poor viewpoint consistency and weak motion coherence. Existing state-
of-the-art end-to-end models and composite models built with image-to-video generation perform
poorly in terms of viewpoint consistency, as indicated by high FVD scores and low mIoU scores. The
high image generation quality in these models is reflected by low FID scores but high FVD scores,
indicating limited variation between video frames and a lack of overall motion and spatial connection
between multi-view videos. The original baseline model exhibits increasingly pronounced multi-
view inconsistency as flight duration increases, as shown in Figure 5. This highlights that current
image-to-video models prioritize image quality but still have room for improvement in real-world
environmental perception, and are far from achieving general world model capabilities.

4.3 PROGRESSIVE TRAINING RESULTS

This section provides an analysis of the progressive training results, highlighting the performance
improvements at each stage and validating the effectiveness of the proposed training strategy. The
detailed results can be found in Table 2. At each stage of training, we observe consistent performance
improvements. In the final stage, while there is a slight decline in the visual quality of simulated
images, substantial gains are achieved in video generation quality and the realism of style-transferred
images.

8
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Stage Hybrid Styles Realistic Styles Simulated Styles

FID ↓ FVD ↓ FID ↓ FVD ↓ FID ↓ FVD ↓
Magicdrive-V2 173.02 1500.62 230.06 1619.90 172.51 1524.40

Stage1 106.03 658.70 145.01 707.11 121.11 697.56
Stage2 94.85 752.49 104.99 754.23 121.08 699.76

Stage3(ours) 73.31 463.94 83.62 516.21 138.53 493.84

Table 2: Quantitative progressive training results showing the performance gains across different
training stages.

5 RELATED WORK

5.1 WORLD MODEL

World models represent the vision for general artificial intelligence, simulating real environments,
supporting agent-environment interactions, and providing advanced reasoning and predictions for
decision-making (LeCun, 2022; Ha & Schmidhuber, 2018; NVIDIA, 2025b). Research on world
models focuses on three areas: First, general world models aim to create scalable representa-
tions using large datasets for understanding and predicting complex environments (Assran et al.,
2025; Gu et al., 2024; Bruce et al., 2024). Second, edge-based models leverage world models
for predictive perception, training agents in interactive environments (Wu et al., 2024; Zhou et al.,
2024a) or supporting decision-making through predictions (Hu et al., 2025; Assran et al., 2025).
Third, autonomous driving models simulate traffic scenarios and provide predictions for safer driv-
ing (Ruiyuan Gao, 2025; Wu et al., 2025; NVIDIA, 2025a). However, low-altitude environments,
which offer more freedom and complex spatial distributions, have yet to be explored in depth (Gao
et al., 2024a), despite their potential for evolving into generalized world models.

5.2 SIM-TO-REAL DOMAIN ADAPTATION

Sim-to-Real domain adaptation reduces the distribution gap between simulated and real-world data,
crucial for tasks with data scarcity, high annotation costs, and diverse real-world scenarios. Classical
methods rely on large-scale datasets from both domains, while recent work focuses on few-shot or
zero-shot adaptation. Existing techniques are applied mainly in two areas: artistic style transfer,
where the source image’s style is adapted to match a reference image (Wang et al., 2025; Xu et al.,
2024), and semantic segmentation, where models trained on synthetic data are applied to real-world
data (Chigot et al., 2025; Hoyer et al., 2022). However, these methods are mainly used for data
processing and have not been integrated with video generation. Combining them with diffusion
models can reduce parameter counts and unlock their full potential.

6 CONCLUSION

This paper introduces the first low-altitude multi-view world model, capable of predicting future
multi-view low-altitude flight videos based on current observations. This paper introduces a multi-
view low-altitude video dataset containing 365 scenes, which facilitates the training and evaluation
of world models. We propose two simple yet effective improvements and design a three-stage train-
ing plan. Experimental results demonstrate that our proposed DroneDreamer achieves superior per-
formance in terms of controllability prediction and multi-view consistency. For future work, we plan
to integrate the model with autonomous driving models and street scene generation models, forming
a multi-scale world model.
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Tommie Kerssies, Niccolò Cavagnero, Alexander Hermans, Narges Norouzi, Giuseppe Averta, Bas-
tian Leibe, Gijs Dubbelman, and Daan de Geus. Your vit is secretly an image segmentation model.
In IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2025.

Yann LeCun. A path towards autonomous machine intelligence version 0.9. Open Review, 62(1):
1–62, 2022. Version 0.9, 2022-06-27.

Zhen Li, Chuanhao Li, Xiaofeng Mao, Shaoheng Lin, Ming Li, Shitian Zhao, Zhaopan Xu, Xinyue
Li, Yukang Feng, Jianwen Sun, et al. Sekai: A video dataset towards world exploration. arXiv
preprint arXiv:2506.15675v2, 2025.

Liu Liu, Xiaofeng Wang, Guosheng Zhao, Keyu Li, Wenkang Qin, Jiaxiong Qiu, Zheng Zhu, Guan
Huang, and Zhizhong Su. Robotransfer: Geometry-consistent video diffusion for robotic visual
policy transfer. arXiv:2505.23171, 2025.

NVIDIA. Cosmos-transfer1: Conditional world generation with adaptive multimodal control. arXiv
preprint arXiv:2503.14492, 2025a.

NVIDIA. Cosmos world foundation model platform for physical ai. arXiv preprint
arXiv:2501.03575, 2025b.

OpenAI. Creating video from text. https://openai.com/index/sora/, 2024.

W-CODA 2024 Organizers. Track 2: Corner case scene generation - multimodal perception and
comprehension of corner cases in autonomous driving. Competition, 2024.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Björn Ommer. High-
resolution image synthesis with latent diffusion models. In IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2022.

Bo Xiao Lanqing Hong Zhenguo Li Qiang Xu Ruiyuan Gao, Kai Chen. Magicdrive-v2: High-
resolution long video generation for autonomous driving with adaptive control. Proceedings of
the IEEE/CVF International Conference on Computer Vision, 2025.

Ryo Sakagami, Florian S Lay, Andreas Dömel, Martin J Schuster, Alin Albu-Schäffer, and Freek
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A APPENDIX

A.1 LLM USAGE

In this work, we employ large language models (LLMs) as writing assistants to facilitate English
composition and to improve the linguistic quality of the manuscript.

A.2 LOW-ALTITUDE UAV FLIGHT VIDEO DATASET

In this section, we present the detailed construction pipeline of our dataset and provide information
about its composition. We constructed a multi-view UAV flight dataset containing 365 urban scenes,
along with corresponding trajectory, text, and semantic segmentation annotations, with representa-
tive cases shown in the appendix A.8.

Dataset Construction Pipeline Our multi-view UAV flight data is sourced from a simulated urban
environment created in our lab, covering various flight trajectories, altitudes, and maneuvers. We
employed large multimodal models to annotate the flight environment and motion poses of the UAV.
To enhance data style, we used the EoMT model (Kerssies et al., 2025) for semantic segmenta-
tion and applied the CACTIF model (Chigot et al., 2025) to transfer the style from real-world UAV
flight data to some simulated data, ensuring realistic style adaptation, as shown in Figure A.7. Fi-
nally, we performed over 100 hours of manual refinement, filtering out scenes not included in the
Cityscapes (Cordts et al., 2016) catalog, such as rivers, mountains, and other irrelevant environ-
ments.

Sample

2s2s1s1s 3s3s EndEnd

...

GPT-4o

This is a video 

captured ... on 

the drone.. 

On a clear, sunny day in a modern urban 

area, the drone ascends ...

Scene 

description

EoMT

CACTIF

Original 

image

Segmentation
Style 

image

Content 

image

Transferred 

image

a b

Figure A.6: a. Pipeline for Dataset Scene Annotation. b. Pipeline for Dataset Image Style Transfer

Content Segmentation Reference Transfer

Figure A.7: Examples of Image Transformation.
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Figure A.8: From top to bottom, we show suburban scenes, urban scenes, and scenes after realistic
style transfer.

Dataset Statistics Our low-altitude UAV flight dataset contains a total of 365 scenes, of which 310
are used for training, including 303 simulated images and 7 realistic-style images. The remaining 55
scenes are reserved for testing, consisting of 54 simulated images and 1 realistic-style image. The
average scene length is 207 frames, with a median of 180 frames. Additional image examples are
presented below, as shown in Figure A.8.

A.3 ADDITIONAL EXPERIMENTAL DETAILS

A.3.1 MODEL CONFIGURATION

We use the 3D VAE framework from CogVideoX and the trained diffusion model to generate a
17-frame street scene video at a resolution of 424×800 under the guidance of the first-frame main
view.

We used 53 17-frame clips as the validation set, with 34 clips from the simulated dataset and 19
clips from the style-transformed dataset. In the composite model validation, we first use the first
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model, referencing the first-frame main view, to generate the first-frame multi-view. Then, we use
the second model to generate the video for multiple viewpoints.

A.3.2 SUPPLEMENTARY RESULTS

Comparison of Parameters and Inference Time We compare our model with the combined model
in terms of the number of parameters and inference time. For the inference of a six-view 49-frame
video using 30 denoising steps, the parameter counts and inference times are reported in Table A.3.
Compared with baseline models, our model achieves low-altitude multi-view flight video inference
with reduced parameter count and lower inference time.

Model Parameters Inference Time

Qwen+CogVideoX-i2v-5B LLM+5B (3+2.5)min
SVC+CogVideoX-i2v-5B 1.3B+5B (2+2.5)min

DroneDreamer 1.9B 2.0min

Table A.3: Comparison of Model Parameters and Inference Time.
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