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Abstract
Unmanned aerial vehicles (UAVs) have emerged as powerful em-
bodied agents. One of the core abilities is autonomous navigation
in large-scale three-dimensional environments. Existing navigation
policies, however, are typically optimized for low-level objectives
such as obstacle avoidance and trajectory smoothness, lacking the
ability to incorporate high-level semantics into planning. To bridge
this gap, we propose ANWM, an aerial navigation world model
that predicts future visual observations conditioned on past frames
and actions, thereby enabling agents to rank candidate trajectories
by their semantic plausibility and navigational utility. ANWM is
trained on 4-DoF UAV trajectories and introduces a physics-inspired
module: Future Frame Projection (FFP), which projects past frames
into future viewpoints to provide coarse geometric priors. This
module mitigates representational uncertainty in long-distance vi-
sual generation and captures the mapping between 3D trajectories
and egocentric observations. Empirical results demonstrate that
ANWM significantly outperforms existing world models in long-
distance visual forecasting and improves UAV navigation success
rates in large-scale environments.
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1 Introduction
Unmanned aerial vehicles (UAVs) have emerged as important agents
for spatial intelligence with broad applications [43]. A fundamental
capability is visual navigation in 3D environments, where UAVs
plan paths to efficiently locate visual targets for applications such
as object search [13, 51], surveillance [1, 29], and logistics [5, 6].

Early approaches rely on hand-crafted navigation policies [30,
31], which mainly optimize low-level objectives such as obsta-
cle avoidance and smoothness but lack high-level semantic un-
derstanding for planning [27, 46]. Inspired by human ability to
imagine future scenarios without physical execution [28], recent
works [24, 36, 38] leverage world models to predict future visual
observations conditioned on trajectories, enabling semantic-aware
path planning. However, existing methods [49, 52] are still limited
to short-horizon prediction in 2D spaces. For example, NWM [3]
generates observations only within a 3-meter range, while Genie
3 [2] supports long-horizon generation but remains restricted to
planar actions.

In that case, constructing a world model for visual navigation in
aerial spaces has two main challenges. 1) Complex action space.
Compared to ground robots with only three degrees of freedom
(DoF), UAVs have six DoF. Even without considering pitch and roll,
the UAV action space remains four-dimensional. Building a world
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Figure 1: Visual navigation in large-scale aerial space. Given a visual target, the agent is required to plan a trajectory whose �nal
observation aligns with the target. We leverage a world model that imagines visual observations along all possible trajectories.
By computing the similarity between the imagined observations and the target, the optimal trajectory is determined. This
imagination-based planning paradigm potentially reduces the navigation cost in large-scale open 3D environments.

model that can accurately map such a high-dimensional action
space to corresponding visual observations is inherently di�cult.
2) Long-horizon visual generation. Unlike indoor navigation,
aerial navigation typically involves long-horizon locomotion, where
the visual target is usually beyond the current �eld of view and
often over 100 meters away from the UAV. Therefore, long horizon
refers not only to the temporal dimension but also to the spatial
extent. Ensuring long-horizon spatial and temporal consistency in
generated visual observations is particularly challenging.

To address the challenges above, we propose an Aerial Navi-
gation World Model (ANWM) that predicts future visual obser-
vations conditioned on past observations and future trajectories.
To tackle the complex 3D action space, we introduce a 3D visual
navigation benchmark that enables ANWM to learn the mapping
from 3D actions to aerial observations. To ensure long-horizon
spatial�temporal consistency, we design a Future Frame Projection
(FFP) module that projects past frames into future perspectives,
enforcing visual consistency between the generated future obser-
vations and historical ones within their overlapping �eld of view.
Once trained, ANWM is used to predict visual observations along
candidate trajectories generated by the path planning policy, en-
abling the agent to rank trajectories most likely to reach the target.

ANWM is conceptually related to recent di�usion-based world
models for navigation and interactive tasks, such as NWM [3] and
Matrix-Game [52]. However, unlike these approaches, ANWM is
speci�cally trained to generate �rst-person visual observations of
aerial agents operating in large-scale 3D environments, which intro-
duces unique challenges as discussed above. The main contributions
of this paper are as follows:
� We introduce a large-scale dataset for aerial visual generation

and navigation, containing 350k trajectory segments with corre-
sponding visual observations.

� The �rst action-conditioned world model in aerial space, capable
of predicting long-horizon visual observations from 3D actions.

� Experimental results demonstrate that our proposed ANWM ex-
hibits spatio-temporally consistent capability in long-horizon
navigation, outperforming existing action-conditioned world
models.

2 Related Work
Interactive World Models. Recent advances in world modeling
have sought to endow agents with a uni�ed representation of per-
ception, action, and prediction within dynamic environments. Early
generative approaches [11, 19, 25, 35, 44] such as iVideoGPT [41],
MineWorld [15] demonstrated that large video transformers can im-
plicitly capture physical dynamics and object interactions from raw
visual sequences, laying the foundation for learning predictive sim-
ulators [7, 22, 47, 48] from pixels. Building upon this, GAIA-1 [17]
and GAIA-2 [26] introduced large-scale multimodal world models
capable of performing tool-augmented reasoning and web-based
information synthesis, moving beyond static simulation toward
interactive reasoning. These models highlight a transition from pas-
sive next-frame prediction to active inference�where the agent
continuously updates its internal world model based on feedback,
search results, or user-provided context. Recent works [49, 52] such
as YUME [24], and Genie 3 [2] further extend this paradigm by
incorporating generative imagination and high-�delity visual syn-
thesis, enabling real-time interaction and controllable environment
simulation that bridges the gap between embodied intelligence and
creative reasoning.
World Models for Navigation. The core insight of leveraging
world models for navigation lies in generating observations of
unobserved scenes, enabling the agent to perform look-ahead plan-
ning for future trajectories. PathDreamer [18] �rst introduced this
idea by generating panoramic observations for indoor waypoint
prediction. Follow-up methods such as DreamWalker [36], Dream-
Nav [38], and UniWM [9] further enhanced long-term planning
through future-scene imagination. To reduce the complexity of
pixel-level generation, NavMorph [45] predicts future latent world
states instead of images, while HNR [40] employs NeRF-based
latent representations for e�cient semantic encoding. Besides,
Airscape [53] uses textual instruction to generate aerial observation
for further navigation. Beyond next-step prediction, NWM [3] and
DreamNav [38] generate global future observations conditioned on
entire candidate trajectories, supporting global planning. In paral-
lel, panoramic world models like PanoGen [20] and WCGEN [54]
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Figure 2: Framework overview. a) Trajectory clips are constructed from AVLN simulators via action enrichment and random
partition. b) ANWM generates future observations conditioned on noisy latent, history, projected future frames, and action
embeddings, where Future Frame Projection provides scene priors by viewpoint warping. c) Long-horizon generation is
performed autoregressively with an updated historical frame queue.

synthesize text-conditioned indoor environments to mitigate data
scarcity in VLN benchmarks.

Despite these advances, existing approaches remain largely con-
�ned to indoor, 2D settings. Extending these world-model-based
imagination and navigation frameworks to outdoor, large-scale,
and 3D open spaces remains a signi�cant open challenge.

3 ANWM: Aerial Navigation World Model
3.1 Formulation
In this section, we describe the formulation of visual navigation
settings and ANWM.

In the visual navigation task, an agent is required to search
for a target speci�ed by an image. The objective is to navigate
to a position where the agent's visual observation most closely
resembles the target image. Note that the target may or may not
be visible from the agent's current viewpoint, which distinguishes
this problem from conventional path planning in robotics. In this
case, the visual navigation problem can be formally formulated as
follows.

Given the agent's current egocentric observation vC2R� �, �3

and its action spaceA, the agent plans its future actions D=¹aC¸1• ”””• a=º
to reach a location with a �nal observation v= closely resembles
the target image v� . a: 2A is the basic action command of the agent
given by relative translation¹�G• �~• �Iº2R 3 and yaw change�i2R .
The objective can be formulated as:

D� = ¹a�
C¸1• ” ” ” • a�=º = arg max

D2D
S¹v=• v� º

s.t. v= = F ¹D• vCº
(1)

whereS : ¹v8•v9º7!R is the similarity scores between two latent
states,D is the set of agent's possible trajectories andF is the
agent's kinematic model. Since exhaustively exploring all possible
trajectories in open environments would incur prohibitive navi-
gation time and costs, ANWM aims to exploit the counterfactual
reasoning capability of generative world models. It enables the
agent to imagine future observations without executing real ac-
tions as depicted in Figure 1. Therefore, the objective of ANWM is
to learn a world model, that accurately simulates the distribution
of observations conditioned on historical observations and actions:

v:¸1 � , \ ¹v:¸1 j v: • 0:¸1 º (2)

where\ denotes the model parameters. We also assume a< -order
Markov property in the agent's visual observations, such that the
v:¸1 depends only on the most recent< observations v: �<:: . Ac-
cordingly, Equation 2 becomes:

v:¸1 � , \ ¹v:¸1 j v: �<:: • 0:¸1 º (3)

Thus, ANWM can generate all observations along the trajectory
in an autoregressive manner. By comparing the �nal generated
observation with the target observation, ANWM selects the trajec-
tory with the highest similarity score as the navigation path to be
executed.

3.2 Dataset for Aerial Navigation World Model
We �rst introduce an egocentric aerial agent video dataset, together
with well-aligned trajectories, designed for both training and eval-
uation. As illustrated in Figure 2(a), we �rst collect UAV trajecto-
ries from the aerial vision-and-language navigation (AVLN) bench-
marks, including AerialVLN dataset [23], OpenFly dataset [14], and
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Figure 3: Model Architecture. ANWM adopts CDiT [ 3] as the backbone but uses the past frame and the projected future frame
as distinct conditional signals to control the generation process. Speci�cally, ANWM �rst splits the condition latents into
the past-frame latent and the projected future-frame latent, and applies separate scale and shift parameters to modulate the
strength of the conditioning signal. The modulated latents are then fed into two shared-weight Multi-Head Cross-Attention
branches.

OpenUAV dataset [37]. These benchmarks collectively provide over
20k diverse aerial trajectories, spanning more than 40 simulated
urban environments constructed using Unreal Engine [10]. Each tra-
jectory is represented as a sequence of 3D waypoints and is paired
with a natural language instruction, enabling grounded navigation
learning.

To transform these trajectories into video-based training data,
we replay the UAV �ights within Unreal Engine to capture tempo-
rally aligned RGB-D observations from an egocentric perspective.
This process ensures that each frame is tightly coupled with the cor-
responding agent state and action, forming a coherent multimodal
sequence suitable for downstream learning.

However, we observe that the original trajectories are heavily
biased toward forward movements, which limits the diversity of
action distributions and may hinder the model's generalization abil-
ity. To address this issue, we propose an action enrichment strategy.
Speci�cally, during trajectory replay, we simultaneously record not
only the front view but also additional viewpoints from the left,
right, and rear directions. With this strategy, a forward motion in
the front view can also be interpreted as a lateral movement in the
side views or a backward motion in the rear view. As a result, we
obtain a more balanced and expressive dataset without modifying
the underlying trajectories.

Finally, we construct a large-scale dataset consisting of 350k
trajectory segments for training and 2.2k segments for testing,
including 1.1k 2D and 1.1k 3D segments. Each segment comprises
a sequence of 47 actions (corresponding to 48 waypoints) selected
from a discrete action set, including forward/backward, left/right,
up/down translations, and left/right rotations. At each waypoint, we

record the corresponding RGB-D observation, resulting in 48 frames
per segment. The UAV motion is parameterized with �xed velocities
of 5 m/s for horizontal movement, 2 m/s for vertical movement, and
15°/s for rotational motion, leading to an average trajectory length
of approximately 80.7 meters. This standardized setup facilitates
both stable training and fair evaluation across di�erent models.

3.3 Navigation Framework Overview
World Model for Future Frame Generation. As illustrated in
Figure 2, ANWM generates future frames conditioned on historical
observations and the next action. A pretrained VAE encoder [4]
�rst compresses frames into latent representations with an 8� 8
downsampling factor. The noisy future latent and condition la-
tents are jointly processed by# Conditional Di�usion Transformer
(CDiT) blocks and decoded back to pixels by the VAE decoder. The
action0 2 R4 is embedded via sine-cosine features and injected
into CDiT blocks through adaptive layer normalization. To improve
long-horizon generation, we introduce the Future Frame Projection
(FFP) module, which provides a coarse future-view prior by project-
ing historical frames into the next viewpoint. The projected frame
is encoded by the VAE and concatenated with historical latents as
additional conditioning information, enabling the model to better
preserve cross-view consistency.
Autoregressive Inference and Path Planning. After training,
we leverage the model to assist path planning for aerial visual
navigation as depicted in Figure 2c). We �rst leverage a heuris-
tic path planner to produce; candidate trajectories by sampling
actions from a prede�ned action set. Then, Gaussian noise is ap-
plied as perturbations to the waypoints along each trajectory to
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further enhance trajectory diversity. ANWM is leveraged to gen-
erate the visual observation at the endpoint of each trajectory to
rank these trajectories. During the generation phase, each waypoint
pose¹G•~• I• iºis quantized into the relative transformation with
respect to the previous waypoint, expressed as¹�G• �~• �I• �iº , to
align with the input format of ANWM. It predicts the next frame
in an autoregressive manner, where each newly generated frame
is appended to the history bu�er, and the most recent< frames
are encoded as the state context for subsequent frame generation.
Once the �nal frame of a trajectory is generated, the model evalu-
ates the perceptual similarityS¹E=• E� º between the predicted last
frameE= and the target frameE� using LPIPS. Among all candidate
trajectories, the one with the lowest similarity error is then selected
as the �nal navigation path. By default, the number of candidate
trajectories ; is set to 5.
Future Frame Projection (FFP). Rather than directly feeding
the past frame latents into the world model, we design the FFP
module that generates a coarse future frame prior, which is then
concatenated with the past frame latents as the conditional input.
This module leverages the view transformation method in 3D vision
that projects< past frames�C �<¸1:C into the UAV's future viewpoint
at time C ¸ 1 to obtain an estimated target frame~�C¸1. Given a
source frame�C �: with depth� C �: , camera intrinsics , and relative
pose) C �:!C¸1 , each pixel u= »G•~•1¼> is �rst back-projected into
3D space via: p¹G•~º = �C �: ¹G•~º  �1 u. Then, the 3D point p is
transformed into the target image plane via~u =  ) C �:!C¸1 p, where
~u = »~G~I• ~~~I• ~I¼. Using this view transformation function, we project
the pixels in�C �: into the target frame:�C �:

C¸1 ¹ ~D•~Eº = �C �: ¹D• Eº. Each
projected target frame�C �:

C¸1 contains only a subset of pixels in the
target frame and exhibits substantial missing pixels. To obtain a
more complete estimation of the future frame, we fuse all projected
frames�C �<¸1:C

C¸1 into a single �nal target frame to compensate for
these missing pixels. Speci�cally, among all projected frames, we
select the pixel value corresponding to the minimum depth across
frames as the �nal pixel value of the target frame, which is given
by:

~�C¸1¹G•~º = �C �B� ¹G•~º
C¸1 ¹G•~º•

B� ¹G•~º = arg min
B2»0:<�1¼

� B¹G•~º”
(4)

In that case, we obtain a coarse estimation of the target frame by
leveraging the visual cues from all historical observations, which
provide an essential prior for future frame generation.
Independent Latent Modulation. After obtaining the estimated
future frame~�C¸1, it is encoded with the past frames�C �<:C by the
VAE to form the conditional latentsGcond = VAE¹»�C �<:C; ~�C¸1¼º =
¹»GC �<:C; ~GC¸1¼º 2 R� � ¹<¸1º �� �� �, which serves as the control
signal for future frame generation. We use the Conditional Di�usion
Transformer (CDiT) [3] as our aerial world model backbone. As
depicted in Figure 3, given an input of noisy future latentG0

C¸1 2
R� �� �� �, , condition latentsGcond and an action embeddinga0,
CDiT model predicts the denoised future latentGC¸1 by applying
# CDiT blocks over the input latents, where� and� are batch
size and channels. In each CDiT block,a0 2 R3 is used to generate
scale" 2 R 4�3 4 , # 2 R5�3 4 and shift$ 2 R5�3 4 coe�cients by

AdaLN [42] block:

" • #•$ = AdaLN¹SiLU¹a0ºº• (5)

where34 is the coe�cient dimension. AlthoughGC �<:C and ~GC¸1

both represent the agent's observations at di�erent time steps, they
exhibit distinct feature distributions. The past frames are real obser-
vations and always semantically meaningful, while the projected
future frame is a synthesized image with projection errors and can
even become meaningless if no overlapping �eld of view between
the two perspectives. Therefore, we propose the Independent Latent
Modulation (ILM) method to modulate the distributions ofGC �<:C

and ~GC¸1 separately. Speci�cally, these latents are passed into two
separate modulation layers:

I C �<:C = ¹1 ¸ V2ºLN¹GC �<:Cº ¸ W2•

~I C¸1 = ¹1 ¸ V3ºLN¹~GC¸1º ¸ W3•
(6)

The modulated condition latents are fed into two shared-weight
MHCA blocks sequentially, which is given by:

I 0
C¸1=G0

C¸1¸U 1MHSA¹¹1 ¸ V1ºLN¹G0
C¸1º ¸ W1º•

I 00
C¸1=I 0

C¸1¸U 2MHCA¹&1=I 0
C¸1•  1=+1=I C �<:Cº•

I 000
C¸1=I 00

C¸1¸U 3MHCA¹&2=I 00
C¸1•  2=+2=~I C¸1º”

(7)

Finally, the intermediate latent is processed by a feedforward block
to produce the denoised latent IC¸1:

I C¸1=I 000
C¸1 ¸ U 4MLP¹¹1 ¸ V4ºLN¹I 000

C¸1º ¸ W4º” (8)

4 Experiments
4.1 Experiment Setup
Dataset and Benchmark We train and evaluate the performance
of ANWM on both simulated and real-world datasets. For the simu-
lated setting, we adopt the 1.1k 2D trajectory segments and 1.1k 3D
trajectory segments introduced in Section 3. In both the 2D and 3D
scenarios, 1,000 segments are used to assess the model's generative
capability, while the remaining 100 segments are reserved for evalu-
ating navigation performance, following the experimental protocol
of NWM [3]. For real-world evaluation, we utilize Sekai [21], a
�rst-person view video dataset. Speci�cally, we use its drone-view
video subset for both training and testing.
Baselines We compare our method against three representative
world models that generate future observations conditioned on
action inputs: NWM [3], Matrix-Game [52], and YUME [24]. Since
the original architectures of these baselines only support 2D action
inputs, we �rst compare their performance in visual generation and
navigation on 2D trajectories. For evaluation on 3D trajectories, we
extend the action interface of NWM to accommodate 3D motion
and retrain it on our dataset. Retraining Matrix-Game or YUME is
not feasible because their source codes are not publicly available. In
addition, we compute the average motion velocity of the baseline
agents and generate videos of varying durations to ensure that the
distance traveled within the same time interval is consistent with
that of ANWM.
Metrics For the generation task, we employ FID [16], Dream-
Sim [12], and LPIPS [50] to evaluate the semantic �delity of the
generated results, and use MSE, SSIM, and PSNR to assess their pixel-
level accuracy. For the navigation task, we use Absolute Translation
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Table 1: Visual generation results of 2D and 3D trajectories.

2D (Simulation) 3D (Simulation) 3D (Real World)

Timeshift Method LPIPS # DreamSim # FID # LPIPS # DreamSim # FID # LPIPS # DreamSim # FID #

4s

Matrix-Game 0.589 0.222 40.2 - - - - - -
YUME 0.571 0.196 73.0 - - - - - -
NWM 0.377 0.259 38.5 0.376 0.247 39.9 0.232 0.183 124.3
ANWM (ours) 0.184 0.125 19.2 0.192 0.143 22.6 0.204 0.149 111.5

8s

Matrix-Game 0.642 0.307 43.6 - - - - - -
YUME 0.694 0.375 143.1 - - - - - -
NWM 0.422 0.291 43.5 0.428 0.280 38.9 0.250 0.200 131.5
ANWM (ours) 0.226 0.148 20.7 0.236 0.170 25.1 0.220 0.147 117.2

16s

Matrix-Game 0.714 0.477 71.1 - - - - - -
YUME 0.853 0.701 232.3 - - - - - -
NWM 0.470 0.336 46.3 0.482 0.321 42.1 0.295 0.202 138.2
ANWM (ours) 0.313 0.202 24.5 0.301 0.210 29.4 0.256 0.158 125.0

32s

Matrix-Game 0.790 0.646 135.9 - - - - - -
YUME 0.902 0.787 269.7 - - - - - -
NWM 0.524 0.400 61.0 0.535 0.377 47.6 0.388 0.229 149.6
ANWM (ours) 0.433 0.294 32.5 0.389 0.271 36.1 0.371 0.176 138.9

Table 2: 2D and 3D navigation results.

2D (Simulation) 3D (Simulation) 3D (Real World)

Method ATE # RPE # SR " NE # ATE # RPE # SR " NE # ATE # RPE # SR " NE #

YUME 15.92 1.80 0.0 24.32 - - - - - - - -
Matrix-Game 14.75 1.53 16.0 20.98 - - - - - - - -
NWM 7.72 0.89 63.0 12.71 8.52 1.03 58.0 14.51 17.13 3.79 28.0 27.02
ANWM (ours) 6.30 0.78 73.0 10.30 8.13 1.06 60.0 14.12 15.56 3.51 33.0 24.41

Figure 4: Visual generation in the real-world dataset

Error (ATE), Relative Pose Error (RPE) [33], Success Rate (SR) [23],
and Navigation Error (NE) [14] to evaluate navigation accuracy.
Implementation Details. Since the real-world dataset Sekai [21]
does not provide depth images, we use Pi-long [8, 39] to estimate
the depth information for the image sequences. The input and
output frames are resized to a resolution of 224� 224. ANWM is
implemented with 8 CDiT blocks and trained for 300k steps on four
NVIDIA A800 40GB GPUs. We use the AdamW optimizer with a

learning rate of 84 � 5. By default, the number of conditional past
frames, also referred to as the context size< is 4. During inference,
ANWM autoregressively generates the visual observation at each
waypoint along the trajectory. For each trajectory segment contain-
ing 48 frames, we set the �rst 16 frames as historical observations,
and the model is required to predict the next 32 frames.

4.2 Main Results
Visual Generation We report the generation results at 4s, 8s, 16s,
and 32s in Table 1. We observe that the performance of all methods
degrades as the trajectory length increases, indicating the challenge
of long-horizon observation generation. Our method consistently
achieves the best performance on both 2D and 3D trajectories,
demonstrating superior action-observation correspondence and
long-range consistency. In contrast, YUME and NWM exhibit sig-
ni�cant performance drops at 16s and 32s, showing limitations in
maintaining visual consistency over long trajectories. These results
indicate that propagating historical scene information e�ectively
improves long-horizon generation.

For real-world videos, LPIPS and DreamSim remain comparable
to simulation results, while FID increases substantially. We attribute
this gap to the higher variability of real-world data, including di-
verse backgrounds, lighting, and sensor noise, which enlarges the
distribution gap between generated and ground-truth videos.
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