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Abstract— Recent advancements in world models have revo-
lutionized dynamic environment simulation, allowing systems to
foresee future states and assess potential actions. In autonomous
driving, these capabilities help vehicles anticipate the behavior
of other road users, perform risk-aware planning, accelerate
training in simulation, and adapt to novel scenarios, thereby
enhancing safety and reliability. Current approaches exhibit
deficiencies in maintaining robust 3D geometric consistency or
accumulating artifacts during occlusion handling, both critical
for reliable safety assessment in autonomous navigation tasks. To
address this, we introduce GeoDrive, which explicitly integrates
robust 3D geometry conditions into driving world models
to enhance spatial understanding and action controllability.
Specifically, we first extract a 3D representation from the
input frame and then obtain its 2D rendering based on the
user-specified ego-car trajectory. To enable dynamic modeling,
we propose a dynamic editing module during training to
enhance the renderings by editing the positions of the vehicles.
Extensive experiments demonstrate that our method significantly
outperforms existing models in both action accuracy and
3D spatial awareness, leading to more realistic, adaptable,
and reliable scene modeling for safer autonomous driving.
Additionally, our model can generalize to novel trajectories
and offers interactive scene editing capabilities, such as object
editing and object trajectory control.

I. INTRODUCTION

Driving world models simulating 3D dynamic environments
enable critical capabilities including trajectory-consistent view
synthesis [44], physics-compliant motion prediction [18], and
safety-aware scenario reconstruction [44] and generation ([7],
[27]). Particularly, generative video models have emerged
as effective tools for ego-motion forecasting and dynamic
scene reconstruction ([3], [14], [37]). Their ability to syn-
thesize trajectory-faithful visual sequences proves crucial for
developing autonomous systems that anticipate environmental
interactions while maintaining physical plausibility.

Despite these advancements, most existing methods lack
sufficient 3D geometric awareness [39] due to their reliance
on 2D space optimization [7]. This shortcoming results in
structural incoherence across novel views and physically im-
plausible object interactions ([45], [38]), which is particularly
detrimental for safety-critical tasks like collision avoidance in
dense traffic. Also, existing methods usually depend on dense
annotations (e.g., HD-map sequences and 3D bounding box
tracks) for controllability ([38], [23]), which only reproduce
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Fig. 1: GeoDrive enables multiple capabilities from a sin-
gle input frame. Top: 3D geometry-consistent generation
closely matching ground truth in road geometry and lane
markings. Bottom-left: Novel trajectory generalization to
unseen viewpoints (3m lateral/vertical shifts, reverse), main-
taining 3D consistency. Bottom-right: Scene editing (vehicle
removal/replacement) and non-ego vehicle trajectory control.

prescribed motions without understanding vehicle dynamics.
A more flexible approach is to infer dynamic priors from
single (or few) images while conditioning on the desired
ego-trajectory. However, current methods that fine-tune on
numerical camera parameters lack 3D geometry awareness,
compromising their action controllability and consistency ([7],
[1], [16]). A reliable driving world model should satisfy
three criteria: 1) rigid spatio-temporal coherence across static
infrastructure and dynamic agents; 2) 3D controllability over
ego-vehicle trajectories; and 3) kinematically constrained
motion patterns for non-ego agents.

We achieve these demands by first building a 3D struc-
tural prior from monocular input, performing projective
rendering along user-specified trajectories, and refining the
results through video diffusion with specialized geometric
conditioning. For dynamic objects, we introduce a dynamic
editing module that adjusts vehicle positions under motion
constraints. Experiments demonstrate that GeoDrive reduces
trajectory-following errors by 42% compared to Vista [7]
while improving all video quality metrics (LPIPS, PSNR,
SSIM, FID, FVD), using 99.7% less training data. Our
model also generalizes to novel view synthesis, surpassing
StreetGaussians [44], and offers interactive scene editing and
VLA planning assistance.
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Fig. 2: Overview of our training pipeline. We use pretrained dense stereo model to obtain 3D point clouds and camera
trajectories. A dynamic video is rendered from the first-frame point cloud using our dynamic editing technique. The noisy
latent representation and rendered video are encoded via VAE and concatenated as input for our condition encoder, modulating
the DiT model’s features. The DiT then generates photorealistic video that accurately follows the specified action conditions.

II. RELATED WORK

Driving World Models. World models enable agents
to anticipate and act in dynamic environments. Existing
approaches rely on point clouds ([51], [19], [49]), occupancy
grids ([26], [55], [8], [48]), or images ([38], [53], [23]) for
scene representation, with image-based models being most
promising due to sensor flexibility and data abundance ([17],
[7], [33]). However, current systems rely on dense annotations
or weakly aligned control vectors. Our approach instead
encodes actions as visual conditions naturally aligned with
latent representations, yielding stronger, more stable control.

Conditional Video Generation. Diffusion models have
progressed from image synthesis to video generation with
increasing emphasis on conditional control ([52], [30], [24]),
including depth ([6], [42]), trajectory [47], and camera
conditioning ([9], [41], [43], [31]). However, these offer
only coarse or indirect guidance. In driving video synthesis,
DriveDreamer [38] and DrivingDiffusion [23] rely on dense
maps and box tracks, while Vista [7] and GAIA ([16], [33])
inject control vectors into latent features, but misalignment
with visual space weakens control. Our work instead encodes
actions as visual conditions, aligning control with latent
dynamics for stable trajectory generation.

III. PRELIMINARY

Diffusion Model is built from two stochastic chains:
a forward (noising) process q and a reverse (denoising)
process pθ [34] . Starting with a clean sample x0∼q0(x0),
the forward process incrementally injects Gaussian noise,
producing xt = αtx0+σtϵ, ϵ ∼ N (0, I), where the schedule
satisfies α2

t + σ2
t = 1. where αt and σt denote the signal

and noise coefficients of the diffusion schedule, satisfying
α2
t + σ2

t = 1. The reverse process seeks to remove this noise
using a neural predictor ϵθ, trained by minimizing

LDM = Et∼U(0,1), ϵ∼N (0,I)

[∥∥ϵθ(xt, t)− ϵ
∥∥2
2

]
. (1)

To ease the heavy computation of pixel-space generation,
latent diffusion models (LDMs) [28] compress RGB video
x∈RL×3×H×W into a lower-dimensional tensor z = E(x)∈

RL×C×h×w via a frozen VAE encoder E , where L is the
number of video frames and C is the latent channel dimension.
Both forward and reverse chains operate in this latent space,
after which a decoder x̂ = D(z) reconstructs the final video.

We adopt the pretrained CogVideo-I2V [46] as our back-
bone, as its single-image animation capability aligns with our
objective of predicting future scenarios from a single input.

IV. METHODOLOGY

Given an initial reference image I0 ∈ RH×W×3 and ego-
vehicle trajectory {Ct}Lt=1, our framework synthesizes realis-
tic future frames that follow the input trajectory. We leverage
3D geometric information from the reference image to guide
world modeling. First, we reconstruct a 3D representation
(Sec. IV-A), then render video sequences along user-specified
trajectories with dynamic object handling (Sec. IV-B). The
rendered video provides geometric guidance for generating
spatio-temporally consistent videos that follow the input
trajectory (Sec. IV-C). See Figure 2 for illustration.

A. Extracting 3D Representations from Reference Image
To ensure 3D-consistent generation, we extract geometry

from the input image I0 using MonST3R [50], which jointly
predicts 3D structure and camera poses. Since MonST3R
requires cross-view matching, we duplicate the reference
image during inference.

Given RGB frames {It}Tt=0, MonST3R outputs per-pixel
3D coordinates {Ot} and confidence maps {Dt}:

{Ot}Tt=0, {Dt}Tt=0 = MonST3R
(
{It}Tt=0

)
, (2)

where Oi,j
t ∈ R3 denotes the 3D position of pixel (i, j), and

Di,j
t ∈ [0, 1] indicates reliability. Thresholding Dt at τ yields

the colored point cloud

Pt =
{
(Oi,j

t , Ii,jt ) | Di,j
t > τ

}
. (3)

A transformer decoupler separates static from dynamic fea-
tures using learnable prompt tokens, enabling pose estimation
from static correspondences only:

Ĉt = argmin
Ct

∑
(i,j)∈Fstatic

∥∥π(Ct O
i,j
t )− pi,j

t

∥∥2
2
, (4)
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where Fstatic is the set of pixel locations classified as static
by the decoupler, pi,j

t are the observed 2D coordinates,
and π denotes perspective projection from 3D points to
image coordinates. Compared to conventional structure-from-
motion [32], this reduces pose error by 38% in dynamic
scenes [50]. The resulting P0 serves as our geometric scaffold.

B. Rendering 3D Videos with Dynamic Editing

To achieve precise input trajectory following, our model
renders a video that serves as a visual guide for the generation
process. We project the reference point cloud P0 through
each user-provided camera configuration Ct = (Rt, Tt, ft),
denoting rotation, translation, and focal length respectively,
using standard projective geometry techniques. Each 3D
point Pw

i ∈ P0 undergoes a rigid transformation into the
camera coordinate system Pc

i = RtP
w
i + Tt, followed

by perspective projection yielding image coordinates pi =(
ftP

cx
i

Pcz
i

+ W
2 ,

ftP
cy
i

Pcz
i

+ H
2

)
. We only consider valid projec-

tions within a depth range of Pcz
i ∈ [0.1, 100.0] meters and

use z-buffering to handle occlusions, ultimately producing
the rendered view Ĩt for each camera position.

Limitations of Static Rendering. Since we utilize only
the first frame point cloud, the rendered scene remains static,
creating a significant discrepancy with real-world driving
where vehicles are in constant motion.

Dynamic Editing. To address this limitation, we propose
dynamic editing to produce renderings R with static back-
grounds and moving vehicles. Specifically, when users provide
a sequence of 2D bounding box information for moving
vehicles in the scene, we dynamically adjust their positions
to create the illusion of motion in the rendering. This approach
not only guides the ego-vehicle’s trajectory during the genera-
tion process but also directs the movement of other vehicles in
the scene. Fig. 3 provides an illustration of this process. Such
a design significantly reduces the disparity between static
rendering and dynamic real-world scenarios while enabling
flexible control over other vehicles—a capability that existing
methods like Vista [7] and GAIA [16] fail to achieve.

C. Dual-Branch Control for Spatio-Temporal Consistency

While the point cloud-based rendering accurately pre-
serves geometric relationships between views, it suffers
from several visual quality issues. The rendered views often
contain substantial occlusions, missing areas due to limited
sensor coverage, and reduced visual fidelity compared to
real camera images. Addressing these artifacts requires a
generative model capable of hallucinating plausible content
in occluded regions while respecting the underlying 3D
structure. Diffusion models have emerged as the state of
the art for high-fidelity visual generation, surpassing both
GANs and autoregressive methods in quality and stability.
While image diffusion models can refine individual frames,
they process each view independently and therefore cannot
enforce temporal consistency across a video sequence —
leading to flickering, identity drift, and physically implausible
motion between frames. Video diffusion models overcome
this by jointly modeling spatial and temporal dimensions,

enabling the generation of coherent frame sequences that
respect both appearance and motion continuity. This makes
them naturally suited for our task, where the generated output
must simultaneously be photorealistic, temporally smooth,
and faithful to the input trajectory. We therefore adapt a
latent video diffusion model [4] to refine projected views
while preserving 3D structural fidelity through specialized
conditioning.

Inspired by VideoPainter [2], we integrate contextual
features into a pre-trained diffusion transformer (DiT), with
key distinctions: we employ dynamic renderings to capture
temporal and contextual nuances for the generation process.
Let δϕ(zt, t, C) represent the feature output at layer i of our
modified DiT backbone δϕ, where zR denotes the dynamic
renderings latent via VAE encoder E and zt is the noisy latent
at timestep t.

These renderings are processed through a lightweight
condition encoder, which extracts essential background cues
without duplicating extensive portions of the backbone
architecture. The integration of features from the condition
encoder into the frozen DiT is formulated as follows:

δϕ(zt, t, C)i = δϕ(zt, t, C)i +W
(
γenc
ϕ ([zt, zR], t)i//M

2

)
,

(5)
where γenc

ϕ denotes the condition encoder processing the
concatenated input of noisy latent zt and renderings latent
zR, with M representing the total number of layers in the DiT
backbone. W is a learnable linear transformation initialized
to zero to prevent noise collapse in early training. The
extracted features are selectively fused into the frozen DiT in
a structured manner, ensuring that only relevant contextual
information guides the generation process. The final video
sequence is decoded via the frozen VAE decoder D as
Ît = D(z

(0)
t ), where z

(0)
t denotes the fully denoised latent

after the final reverse diffusion step.
By training condition encoder gϕ alone (6% of total

parameters), we maintain the pre-trained model’s photorealism
and gain precise camera control. Temporal coherence arises
naturally from the video transformer’s dynamics modeling
and the geometric consistency of {Ĩt} features across frames,
enabling trajectory-faithful video synthesis.

V. EXPERIMENTS AND APPLICATIONS

A. Experimental Settings

Training Configuration. We train exclusively on
NuScenes [5], processing each clip through MonST3R for
3D reconstruction and camera trajectories, with Dynamic
Editing leveraging 2D bounding box annotations. We curate
25,109 video-condition pairs. The base model (CogVideo-5B-
I2V [15]) is frozen; the condition encoder trains for 28,000
steps at lr 1× 10−5 for 4 days.

Inference Configuration. For Trajectory Following exper-
iments (Section V-B), we use the first frame of each video as
condition frame, and we estimate trajectory with MonST3R
from the video. For fair comparision with baseline methods,
we do not include object control as the baseline methods
do not accept object bounding box information. For Novel
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Fig. 3: Illustration of dynamic edit design. Compared with default rendering, it effectively reduces disparity between static
rendering and dynamic real-world scenarios.

TABLE I: Quantitative results of generation quality and action fidelity on NuScenes [5] validation subset. We outperform
baseline methods on every metric while requiring much less training data.

Method Data Scale Prediction Quality Action Fidelity

LPIPS ↓ PSNR ↑ SSIM ↑ FID ↓ FVD ↓ ADE×102 ↓ FDE×102 ↓

Vista [7] 1740h 0.351 20.086 0.621 8.35 163.7 2.77 5.28
Terra [1] 1740h 0.455 18.42 0.553 26.73 787.54 5.57 11.8

GeoDrive (Ours) 5h 0.303 21.979 0.6535 7.17 85.22 1.62 3.1

View Synthesis experiments (Section V-C), we use the first
frame of each video as condition frame, and we estimate the
original trajectory with MonST3R from the video. Next, we
align the original trajectory with the depth scale from the
Lidar point cloud. Then we shift the trajectory left, right and
up to obtain novel trajectory input for the experiment.

Inference Runtime. We report per-clip inference time on
a single NVIDIA H100 GPU. MonST3R reconstruction takes
3s, point cloud rendering 0.5s, and diffusion inference (50
DDIM steps) 500s, totaling approximately 505s per 81-frame
clip. The current pipeline is not real-time, but is practical for
offline applications such as training data augmentation and
safety scenario generation. Diffusion distillation techniques
could reduce inference steps from 50 to 4–8, MonST3R
reconstruction can be cached per scene, and replacing the
backbone with speed-optimized video diffusion models (e.g.,
LTX-Video [11]) could further reduce generation time toward
real-time, offering a viable path for interactive deployment.

B. Trajectory Following

Benchmark and Baselines. We compare GeoDrive to two
most-relevant baselines that condition on single image and ego
action (Vista [7], Terra [1]), as well as several other driving
world models. We adhere to Vista’s protocol by computing
trajectory from sensor and calibration data that spans the 25-
frame clip, as their condition input. We estimate our condition

TABLE II: Quantitative results of generation quality on
NuScenes validation fullset.

Models Data Scale FID ↓ FVD ↓
DriveGAN [21] 160h 73.4 502.3
DriveDreamer [38] 5h 14.9 340.8
DriveDreamer-2 [53] 5h 25.0 105.1
WoVoGen [25] 5h 27.6 417.7
Drive-WM [29] 5h 15.8 122.7
GenAD [45] 1740h 15.4 184.0

Vista [7] 1740h 6.6 167.7
GEM [12] 4000h 10.5 158.5
GeoDrive (Ours) 5h 4.1 61.6

camera poses by running MonST3R on GT video. While
we condition on different modalities, the trajectories for all
methods are extracted from the same ground-truth video clip,
ensuring aligned action conditions. We evaluate all methods
on NuScenes validation set. For trajectory control precision
evaluation, we sample a subset of 1087 videos with balanced
driving trajectories. Visual quality is quantified through PSNR,
SSIM [40], LPIPS [20], FID [13], and FVD [36]. While
trajectory fidelity metrics employ Average Displacement Error
(ADE) and Final Displacement Error (FDE).

Quantitative Results. The quantitative results on nuScenes
validation subset are presented in Table I. GeoDrive outper-
forms baselines in all metrics. Specifically, our trajectory-
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Vista Ours Condition frame OursVistaZoom in

Prediction Quality World Understanding

Moving backward

Car crash Wait for traffic

Turning Le9

Vista Ours Condition frame OursVistaZoom in

Prediction Quality World Understanding

Crash 
into front car

Wait until 
front car moves

Fig. 5: Qualitative Comparisons: Left - Enhanced visual fidelity in our predictions; Right - Superior scene dynamics
understanding.

following ability is significantly better than the baselines,
yet requiring 99.7% less data, showing the effectiveness of
our method. In Table II, GeoDrive outperforms all baselines
on FID & FVD results. We note that baselines such as
Vista and Terra were designed for broader controllability
goals beyond geometry-specific conditioning, which may

partially explain the performance gap. However, trajectory-
faithful video generation is a core capability that both methods
explicitly claim to support, and the evaluation metrics (ADE,
FDE) directly measure this shared objective, making the
comparison relevant to their stated contributions.

Qualitative Results.
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Fig. 6: Qualitative comparison on novel-view synthesis on Waymo validation subset. Our model generates sharp results
for deviated trajectories in a zero-shot manner, whereas the reconstruction-based method StreetGaussian [44] produces
significant artifacts.

As shown in Figures 4 and 5, our method follows
specified trajectories more precisely than baselines and
produces sharper results with fewer artifacts. Our model
also demonstrates stronger scene dynamics understanding,
correctly anticipating that a car should wait for the bus ahead,
whereas Vista erroneously accelerates forward into a collision.

C. Novel View Synthesis

Benchmark and Baseline.
We compare GeoDrive to StreetGaussians [44] on 5 filtered

Waymo validation scenes. Novel trajectories are created by
horizontal shifts from the frontal camera trajectory. We report
FID and FVD as no ground truth exists for novel views.

Quantitative Results. As demonstrated in Table III, our
method achieves lower (and thus better) FID & FVD scores
compared to the reconstruction-based baselines. This is due
to the difficulty reconstruction methods face in recovering
scene structures from the sparsely observed views.

Qualitative Results. Figure 6 illustrates that while Street-
Gaussians [44] generates projectively correct renderings
along given trajectories, it exhibits severe geometric dis-
tortions under viewpoint shifts. Such degradations reveal
fundamental limitations in 3D scene reconstruction from
sparse observational data, particularly the inability to resolve
occlusion boundaries and low-textured supervisions. GeoDrive
maintains trajectory adherence while preserving photorealistic
rendering.

Original Scene

Condition Frame Action Condition Model OutputVehicle Bboxes

Remove

Edit

Edited Scene

Fig. 7: Qualitative Results on Scene Editing. Our approach
enables the removal or replacement of vehicles within a scene,
allowing for the prediction of seamless future scenarios.
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possible action you could take,
 let me verify if they are 
paussible
Planning 1:

<Thinking…> We are too close 
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another one. 
Planning 2:
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another solution.
Planning 3:

What should I do?

Input 
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Output
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<Thinking…> This seems 
safe. 
Let’s go with this one!

VLA: VLA: 

VLA & GeoDrive 

GeoDrive: GeoDrive:

VLA: Driver: 

Fig. 8: Illustration of application to VLA planning. By
simulating each possible planned trajectory, we can assist
the VLA model in refining its decisions until it reaches the
optimal decision.

D. Applications

Object Trajectory Control. As shown in Figure 1, given
extra condition input (i.e., a sequence of 2D bounding boxes)
for other vehicles, we can apply dynamic augmentation
(Sec. IV-B) and thus control the trajectory of vehicles
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TABLE III: Quantitative results for NVS on Waymo validation
subset. GeoDrive is trained solely on the NuScenes dataset, yet it
can generalize to Waymo scenes in a zero-shot, feed-forward manner.

Method Left@3m Right@3m

FID ↓ FVD ↓ FID ↓ FVD ↓
StreetGS [44] 63.84 1438.89 69.55 1526.62

Ours 67.13 1245.23 65.67 1422.63

TABLE IV: Ablation Studies on NuScenes valida-
tion subset. D.E. represents dynamic editing. w/o
dual-branch means we adjust input channels to adapt
renders and finetune backbone.

Method FID FVD ADE×102

w/o D.E. 7.01 88.68 3.68
w/o dual-branch 8.83 74.76 3.45
GeoDrive 7.17 85.22 1.62

appearing in the condition frame.
Object Editing. GeoDrive enables flexible scene editing by

applying off-the-shelf image editing models [22] to condition
frames, allowing modification or removal of objects (Fig. 7).
This provides valuable control for generating targeted training
data, analyzing object influence, and diversifying scenarios
from limited data.

Assistance for VLA planning. GeoDrive enhances the
decision-making of VLA (Visual Language Action) models by
providing an interactive simulation environment for evaluating
driving actions ([56], [35], [54], [10]). As illustrated in
Figure 8, it integrates real-time visual input with predictive
modeling, allowing the VLA system to simulate outcomes
of planned trajectories. This helps foresee hazards, such as
proximity to other vehicles or lane deviations, and assess
action safety. Consequently, the VLA model refines its
decisions by selecting actions predicted to be safe and
effective, which ensures driving decisions are contextually
appropriate and prioritize safety.

E. Ablation Studies

Impact of Dynamic Editing. To quantify the impact of
our dynamic editing strategy, we report the performance of
our model trained with and without this component on key
evaluation metrics as shown in Table IV.

Impact of Dual-branch Architecture. We further investi-
gate the effectiveness of adopting a dual-branch architecture
compared with single-branch architecture. We evaluate the
performance of different architectures on key evaluation
metrics. The results are shown in Table IV.

VI. CONCLUSIONS AND LIMITATIONS

We presented GeoDrive, a video diffusion world model for
autonomous driving that enhances action controllability and
spatial accuracy via explicit 3D geometric conditioning. Our
method reconstructs 3D scenes, renders along desired trajec-
tories, and refines the output with video diffusion, achieving
superior performance over existing models in visual realism
and action adherence. Compared to traditional simulators (e.g.,
CARLA), which offer multi-sensor support and full physical
determinism, GeoDrive provides complementary strengths:
it preserves the visual distribution of real data, requires no
manual 3D assets, and enables counterfactual generation from
recorded drives. The two approaches are best viewed as
complementary rather than competing. Our approach has
several limitations. Performance depends on MonST3R’s
depth and pose accuracy. The dynamic editing module relies
on external 2D bounding box annotations, reducing autonomy,

and is purely geometric without modeling appearance changes
under motion. These could be addressed by integrating learned
motion forecasting or lightweight detection models. Future
work will also explore text conditions and VLA understanding
to further improve realism and consistency.
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