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UniScene: Unified Occupancy-centric Driving Scene Generation

1. Problem Definition and Distinctiveness
1.1. Controllable Occupancy Generation
Previous research on uncontrollable occupancy genera-

tion [13, 14, 17] has primarily focused on the creation of

static scenes, which limits their applicability to dynamic

scenarios due to a lack of controllability. In contrast, our

approach introduces controllable generation P(Occ|BEV),
effectively incorporating temporal information into the

process. Here BEV refers to input Bird’s Eye View (BEV)

scene layouts and Occ denotes the corresponding generated

semantic occupancy, respectively.

1.2. Conditional Video and LiDAR Generation
Existing methods for video [6, 30, 31, 35, 42] and Li-

DAR [24, 46, 47] generation typically produce data directly

from coarse scene layouts (e.g., BEV maps, 3D bounding

boxes). However, these approaches often fail to accurately

capture the intricate distributions inherent in driving scenes,

leading to suboptimal performance. In contrast, our pro-

posed UniScene framework addresses these limitations by

decomposing the complex generation task into a hierarchy

centered around occupancy. This is formally expressed as:

P(Vid,Lid|BEV) = P(Vid,Lid|Occ) · P(Occ|BEV),
(1)

where Vid, and Lid denote the generated video, and Li-

DAR data, respectively. By leveraging occupancy priors,

our method alleviates the learning burden and more accu-

rately captures the underlying distributions for performance

enhancement, as demonstrated in Fig. 1(a) of the main paper.

2. More Related Works and Discussions
2.1. Semantic Occupancy Generation
SemCity [14] proposes a 3D semantic scene generation

approach with a triplane diffusion framework. Pyrami-

dOcc [17] generates large-scale 3D semantic scenes using a

coarse-to-fine paradigm with pyramid discrete diffusion [1].

These methods mainly focus on unconditional and static

3D scene generation. More recent work [40] is capable of

controlling the generation of 3D scenes through BEV maps.

However, it remains confined to static scenes. OccSora [27]

generates temporal 3D scene sequences with a diffusion

transformer (DiT) [22]. Due to the high compression ratio

of occupancy in its designed VQVAE, the reconstruction

performance is suboptimal, which to some extent leads to

unsatisfactory generation quality. Moreover, it lacks the

capability of precisely controlling the generated results. To

address the issues in these works, we propose our occupancy

generation model, enabling controllable generation of

temporal 3D scene sequences with high fidelity while

effectively maintaining temporal consistency.

2.2. Driving Video Generation
Vista [7] builds on the architecture of Stable Video Diffusion

(SVD) [3] to enable single-view driving video generation

with various action controls. However, this method is

constrained by its inability to produce multi-view videos

and its lack of alignment between the generated outputs

and ground-truth labels, which hinders its utility for training

downstream tasks. WoVoGen [19] presents a world model

that predicts future videos and occupancy based on past

observations. In this model, occupancy grids are compressed

into low-dimensional features [23], potentially leading

to suboptimal generation results (see the seventh row of

Table 4 in the main paper). Recent work of SyntheOcc [16]

synthesizes multi-view images in driving scenarios using

occupancy-based multi-plane semantic images. Neverthe-

less, this method neglects the explicit geometric information

within the semantic occupancy grids and necessitates

substantial manual intervention for occupancy grid editing.

Our proposed UniScene aims to jointly render semantic and

depth maps from the semantic occupancy, thereby providing

detailed prior information. Moreover, UniScene simplifies

geometric editing by using BEV maps as scene layouts.

2.3. LiDAR Point Cloud Generation
Pioneering works in LiDAR generation [8, 24, 37, 38, 46, 47]

utilized GAN or diffusion models to produce LiDAR point

clouds. LiDARGen [46] adopts an equirectangular view

image as a structured representation of LiDAR point clouds

and uses a score-based diffusion model for point cloud

generation. Nevertheless, the 2.5D representation may

constrain its capacity to accurately generate 3D geometries
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of real-world objects. Furthermore, LiDARGen [46] applies

the diffusion process directly to LiDAR points rather than

in the latent space, significantly slowing down the inference

process. UltraLiDAR [38] voxelized LiDAR points and

transformed them into a BEV representation, employing

VQVAE to learn a compact 3D representation of LiDAR

points and a generative transformer for LiDAR points

generation. However, using BEV as the representation

overlooks the fine geometric details in the LiDAR data,

potentially impacting the generation quality. LiDM [8]

employs range maps as the representation for LiDAR data,

integrating curve-wise compression, patch-wise encoding,

and point-wise coordinate supervision in VQVAE to enhance

its geometric representation capabilities. However, the use

of range map representation can result in a loss of structured

LiDAR point information. In this work, we propose to

facilitate high-fidelity LiDAR point generation by leveraging

fine-grained priors from semantic occupancy grids.

3. More Implementation Details

3.1. BEV Editing Scheme

The modification of BEV layouts for the controllable

generation of semantic occupancy, videos, and LiDAR point

clouds represents a significant application in the creation

of out-of-distribution (OOD) data. To accomplish this, our

editing scheme is structured as follows:

• Modify the initial BEV layout, Bori, to produce a revised

layout, Bnew, incorporating specific alterations (e.g., the

removal of a vehicle).

• Employ DDIM Inversion [20] to transform the original oc-

cupancy, Oori, into a noise latent, εori, while being guided

by the original BEV layout, Bori.

• Construct the updated occupancy, Onew, via denoising

diffusion, utilizing the modified BEV layout, Bnew, as a

conditioning factor and εori as the starting noise.

• With the newly generated occupancy, Onew, serve as the ad-

dition condition, produce the corresponding video, Vnew,

and LiDAR data, Lnew, with detailed prior guidance.

3.2. Occupancy Generation Model

As illustrated in Fig. 1, the occupancy generation model is

composed of a VAE and a DiT, which produces semantic

occupancy with a compressed latent space.

Occupancy VAE. We leverage the Occupancy VAE encoder

to transform a 3D semantic occupancy O ∈ R
H×W×D

within an occupancy sequence into a BEV representation

Ô ∈ R
H×W×DC′

by assigning each category a learnable

class embedding C ′. A 2D CNN encoder with a 2D axial

attention layer is utilized to extract a continuous latent fea-

ture with down-sampled resolution Zocc ∈ R
C×h×w, where

h = H
d and w = W

d , with d being the down-sampling factor.

Figure 1. The architecture of the occupancy generation model,

which consists of two main components: the Occupancy VAE and

the Occupancy DiT. The Occupancy VAE includes a 2D encoder,

leveraging ResBlock, 2D CNNs, and axial attention, and a 3D

decoder to reconstruct the input data. The Occupancy DiT applies a

denoising diffusion process using temporal and spatial self-attention

blocks to generate denoised latent representations. Noisy latents,

combined with BEV layout sequences, are processed to create

unified patchified outputs, enabling robust occupancy generation.

Method
Compression

Ratio
↑ mIoU ↑ IoU ↑

OccLLama (VQVAE) [32] 8 75.2 63.8
OccWorld (VQVAE) [43] 16 65.7 62.2
OccSora (VQVAE) [27] 512 27.4 37.0

Ours(VQVAE) 32 59.8 58.2
Ours (VAE) 32 92.1 87.0
Ours(VQVAE) 512 55.8 56.8
Ours (VAE) 512 72.9 64.1

Table 1. Comparison of VQVAE and VAE performance on occu-

pancy reconstruction, with compression ratios calculated based

on the methodology from OccWorld [43]. The results demonstrate

the clear superiority of our occupancy VAE over VQVAE under

the same architectural design, achieving significantly higher mIoU

and IoU scores across various compression ratios.

The VAE decoder reconstructs the latent feature sequence

zseq
occ ∈ R

T×C×h×w. A 3D CNN network with a 3D axial

attention layer is employed to up-sample the latent feature

sequence to a BEV representation occupancy sequence

Ôseq ∈ R
T×H×W×DC′

. This sequence is then reshaped to

R
THW×D×C′

and processed through a dot product with the

class embeddings to obtain the logits scores. During training,

the logits scores and one-hot labels are used to compute

the cross-entropy loss and Lovász-softmax loss [2]. In the

inference phase, the final reconstructed occupancy sequence

Oseq ∈ R
T×H×W×D is determined by taking the argmax

of the logits. We provide more occupancy reconstruction

results in Tab. 1 to illustrate the superiority of our occupancy

VAE design with continuous compression. The results

demonstrate the clear superiority of our occupancy VAE

over VQVAE under the same architectural design, which

achieves significantly higher mIoU and IoU scores across

various compression ratios.
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Figure 2. Scalability analysis of Occupancy DiT, illustrating how

performance scales with increasing computational cost (FLOPs).

The left plot shows a consistent improvement in F3D performance

as FLOPs increase, while the right plot highlights the scalability

of mIoU, which also improves steadily with higher computational

resources, demonstrating the model’s capacity to leverage increased

computation for better results.

Occupancy DiT. As shown in Fig. 1, we employ an

Occupancy DiT to denoise occupancy latent sequence

features from noisy occupancy latents and BEV layout

sequences. To align the BEV layout sequence with the

occupancy latent features, we introduce a unified patchify

module. Specifically, the BEV layout at time step i is

down-sampled into Bi
down ∈ R

(Cb)×h×w to match the

shape of the latent feature and then concatenated with

the latent Zi
occ ∈ R

(Co)×h×w. A unified patch embedder

transforms the concatenated latent Zcat ∈ R
(Co+Cb)×h×w

into unified latent tokens Z ∈ R
L×Ed , where L is the

number of patches and Ed is the embedding dimension.

The backbone of Occupancy DiT is the Spatial-Temporal

Latent Diffusion Transformer, comprising stacked spatial

and temporal blocks. Spatial blocks aggregate features

across different positions within the same latent, whereas

temporal blocks capture features across different latent

frames at the same position. Additionally, 2D positional

embeddings and 1D temporal embeddings are used to ac-

count for relative relationships. The output of the backbone,

with dimensions RT×L×Ed , is passed through an unpatchify

layer to yield a denoised occupancy latent sequence of size

R
T×H×W×D. During the training phase, we randomly drop

the BEV layout condition with a probability of 0.1, enabling

the diffusion model to learn unconditional generation, which

is essential for occupancy editing. In the sampling phase,

the classifier-free guidance scale is set to 1.0 by default.

Occupancy Forecasting Variant. To facilitate compari-

son with other occupancy forecasting works [32, 43], the

occupancy generation model is adapted into a generative

forecasting model, which predicts Tf future frames based

on Tc conditional frames. Specifically, during the training

phase, the conditional occupancy latent frames are concate-

nated directly with the BEV layouts without the addition of

noise. The unified latent tokens for both Tc and Tf frames

are then fed into the DiT backbone, following the same

procedure as in the generation model. The model outputs

Method

mIoU ↑ IoU ↑
1s 2s 3s Avg 1s 2s 3s Avg

OccWorld [43] 25.75 15.14 10.51 17.13 34.63 25.07 20.19 26.63
OccLLama [32] 25.05 19.49 15.26 19.93 34.56 25.83 24.41 29.17

Ours-Fore. (1 ref) 30.93 24.87 20.75 27.33 35.15 31.79 29.24 31.62
Ours-Fore. (2 ref) 35.37 29.59 25.08 31.76 38.34 32.70 29.09 34.84

Table 2. Comparison of occupancy forecasting performance, where

Ours-Fore. (1 ref) and Ours-Fore. (2 ref) represent our forecasting

model conditioned on 1 and 2 reference occupancy frames,

respectively. The results highlight significant improvements in

both the mIoU and IoU metrics over baseline methods (OccWorld

and OccLLama) across different time horizons (1s, 2s, 3s),

demonstrating the effectiveness of our approach in generating

accurate and consistent occupancy predictions.

denoised occupancy latent frames for both Tc and Tf frames,

while the loss is computed only on the Tf frames. In the in-

ference phase, the Tf frames are initialized with pure noise,

while the Tc frames are initialized with conditional occu-

pancy latents sampled from the Occupancy VAE. The future

occupancy frame number Tf is set to 6 to align with previous

works [32, 43]. To improve computational efficiency and

reduce dependence on the conditional frames, we set Tc = 1
or Tc = 2 instead of Tc = 5 in previous works [32, 43].

The results of the forecasting model are presented in Tab. 2.

As we can see from the table, our method effectively sur-

passes other works across different time horizons (1s, 2s, 3s),

demonstrating the effectiveness of our approach in generat-

ing accurate and consistent occupancy generation. Moreover,

we visualize the scalability of the Occupancy DiT in Fig. 2

to demonstrate the potential of our proposed method. The

performance improves steadily with higher computational re-

sources, which demonstrates the model’s capacity to leverage

increased computation for better results as discussed in [21].

3.3. Video Generation Model
As shown in Fig. 3, the video generation model combines

video latent representations with occupancy grids and textual

prompts to guide video generation. The VAE encoder ex-

tracts video latent features, which are combined with noise

before passing through the Diffusion UNet.

Preliminaries with Stable Video Diffusion. The Stable

Video Diffusion (SVD) [3] is a latent diffusion model specif-

ically designed for image-to-video (I2V) generation. To

increase sampling flexibility, SVD utilizes a continuous-

timestep formulation. The model converts data samples x
into noise n through a diffusion process, where p(n|x) fol-

lows a Gaussian distribution N (x, σ2I). New samples are

then generated by gradual denoising the latent space from

Gaussian noise until σ0 = 0. SVD generates videos by

processing a series of noisy latent representations, with the

generation being guided by a conditional image. The latent



Figure 3. The architecture of the video generation model, which

combines video latent representations with textual prompts to guide

video generation. The VAE encoder extracts video latent features,

which are combined with noise before passing through the Diffu-

sion UNet. The Diffusion UNet employs cross-attention mecha-

nisms to integrate textual guidance and refine the latent representa-

tion. Occupancy grids serve as the basis for generating depth maps

and semantic maps, which act as guidance for the video generation

process. The VAE decoder reconstructs the video from the denoised

latent, producing realistic outputs guided by the input prompts.

representation of this image is channel-wise concatenated to

the input, acting as a reference for the content creation.

Preliminaries with Gaussian Splatting. The Gaussian

Splatting [11] approach defines a set of 3D Gaussian prim-

itives as G = {Gi}Ni=1, where each primitive Gi contains

attributes of position μi, color ci, opacity αi, rotation ma-

trix Ri, and scale matrix Si. The associated 3D covariance

matrix Σi for each primitive is derived as:

Σi = RiSiS
T
i R

T
i , (2)

when transformed by a viewing transformation W, the co-

variance matrix in camera coordinates Σ
′
i is computed as:

Σ
′
i = JWΣiW

TJT, (3)

where J is the Jacobian of the affine approximation of the

projective transformation. This process yields a 2× 2 covari-

ance matrix, consistent with the previous work [11]. For a

given projected 3D Gaussian center μ ∈ R
2×1 and a point

x ∈ R
2×1 in camera coordinates, the opacity α′ of projected

2D Gaussian is formulated as:

α′ = α exp

(
−1

2
(x− μ)T (Σ′)−1

(x− μ)

)
. (4)

The accumulated color map C is obtained via tile-based

rasterization:

C =
∑
i∈N

ciα
′
i

i−1∏
j=1

(
1− α′

j

)
. (5)

Gaussian-based Joint Rendering. In this work, to generate

depth and semantic maps, we start by transforming an input

semantic occupancy grid, with dimensions RH×W×D, into

a set of 3D Gaussian primitives G. Each primitive Gi is

assigned an additional attribute: the semantic label si. The

position of each 3D Gaussian is initialized using the center

of the corresponding occupancy grid cell, its scale is set ac-

cording to the size of the grid cell, and its semantic attribute

is initialized with the semantic label of the grid cell. To im-

prove the effectiveness of the 2D conditions, we render depth

and semantic maps that align with the camera’s viewpoint.

Specifically, given the semantic label si and depth value di,
the depth map D and the semantic map S are rendered in a

manner analogous to the color rendering:

D =
∑
i∈N

diα
′
i

i−1∏
j=1

(
1− α′

j

)
, (6)

S = argmax(
∑
i∈N

onehot(si)α
′
i

i−1∏
j=1

(
1− α′

j

)
). (7)

As discussed in Section 3.2 of the main paper, we incor-

porate an encoder branch inspired by ControlNet [41] to con-

dition the rendering maps. The specifics of this conditioning

are depicted in Fig. 3. The encoder branch consists of two

modules, each designed for either depth map conditioning or

semantic map conditioning, with similar architectures. Each

conditioning module comprises two ResNet blocks followed

by a zero convolution, as recommended by ControlNet [41],

to preserve the original functionality of the diffusion model.

3.4. LiDAR Generation Model
As illustrated in Fig. 4, the LiDAR generation model com-

prises a LiDAR Sparse UNet and a Prior Guided Sampling

mechanism. The LiDAR Sparse UNet processes input oc-

cupancy data to extract spatial features, whereas the Prior

Guided Sampling mechanism generates LiDAR points by

sampling along rays according to the spatial structure. The

LiDAR Head utilizes weighted summation and multilayer

perceptron (MLP) modules to compute the intensity, ray

drop probabilities, and final positions of the LiDAR points.

This process involves assigning weights to the generated Li-

DAR point features, refining these features through an MLP,

and aggregating the results to produce high-quality LiDAR

outputs with realistic point distributions.

Specifically, for n points on a LiDAR ray, the feature of

the i-th point, ui, is sampled from the output of the LiDAR

Sparse UNet with the occupancy-based prior guidance. This

feature is then fed into an MLP to predict the corresponding

Signed Distance Function (SDF) value. The weight for the

point, wi, is subsequently computed and used to determine

the ray depth di of the generated LiDAR points according

to Eq. 8 and Eq. 9 in the main paper. Additionally, the ray

feature, vr, is obtained by performing a weighted sum of



Figure 4. The architecture of the LiDAR generation model, which

integrates a LiDAR Sparse UNet and a Prior Guided Sampling

mechanism. The LiDAR Sparse UNet processes input occupancy

data to extract spatial features, while the Prior Guided Sampling

generates LiDAR points by sampling along rays based on the spatial

structure. The LiDAR Head employs weighted summation and

MLP modules to calculate the intensity, ray drop probabilities,

and final positions of the LiDAR points. The process involves

assigning weights to the generated LiDAR point features, refining

them through an MLP, and aggregating the results to produce high-

quality LiDAR outputs with realistic point distributions.

the features of all points along the ray, using their respective

weights, that is,

vr =

n∑
i=1

ki =

n∑
i=1

wi · ui. (8)

Finally, vr is passed through another MLP to simultaneously

predict the intensity and drop probability of the LiDAR ray.

4. Datasets
The NuScenes benchmark [4] is widely used in autonomous

driving research. To enrich this dataset with more detailed

annotations, the NuScenes-Occupancy dataset [29] has intro-

duced dense semantic occupancy labels. This dataset encom-

passes comprehensive LiDAR sweep data across 850 scenes,

comprising 34,000 key-frames at a frame rate of 2 Hz, each

annotated with one of 17 semantic categories. Following the

methodology described in [29], our study allocates 28,130

frames for the training set and 6,019 frames for validation.

However, the 2 Hz data alone does not meet our

requirements. To enhance our results and ensure a fair

comparison with previous works [6, 25, 31, 35, 42], we

further extend it into 12 Hz data. Specifically, we utilize

the interpolated 12 Hz annotations from ASAP [28] and the

LiDAR data from the NuScenes dataset to generate semantic

occupancy labels at 12 Hz. We begin the generation of

the 12 Hz occupancy labels by concatenating the LiDAR

points from the entire scene, following the method outlined

in [33]. Next, we reconstruct the mesh of the driving scene

using the NKSR algorithm [10]. We then extract the vertices

of the mesh and assign semantic labels to these vertices

based on the LiDARseg tags from NuScenes [4] and the

12 Hz annotation information from ASAP [28]. Finally, we

convert the mesh vertices, along with their semantic labels,

into semantic occupancy data.

5. Evaluation Metrics
To evaluate the fidelity of occupancy generation, we adopt

the F3D metric and Maximum Mean Discrepancy (MMD)

as [17]. F3D represents a three-dimensional adaptation

of the two-dimensional Fréchet Inception Distance (FID),

utilizing a pre-trained occupancy auto-encoder. The MMD is

calculated within the feature space of this same auto-encoder.

Given that BEV layouts are used for generation, Mean

Intersection over Union (mIoU) serves as the metric for

evaluating the accuracy of the generated outputs. For

occupancy forecasting, we report both IoU and mIoU,

aligning with previous works [43]. For video generation

assessment, we utilize the FID and Frechet Video Distance

(FVD) to evaluate the quality of the generated content,

following previous works [9, 26]. For the evaluation

of LiDAR generation, we apply the Jensen-Shannon

Divergence (JSD) and MMD following LiDARDM [47].

For the downstream perception task of Semantic

Occupancy Prediction (SOP), we adopt mIoU and IoU as

evaluation metrics, following previous research [5, 15]. For

BEV segmentation, we use CVT [44] as the baseline and

assess the mIoU for road and vehicle classes, following

the approach in [6]. For 3D object detection, we employ

BEVFusion [18] as the baseline model and measure

performance using mean Average Precision (mAP) and the

NuScenes Detection Score (NDS), as employed in [6].

6. Model Setup
The UniScene framework undergoes a two-stage training

process implemented with PyTorch on NVIDIA A100 GPUs.

Initially, the occupancy generative models are trained using

ground-truth labels. Subsequently, the occupancy generative

model is fixed to generate occupancy grids from the BEV

maps, while the video and LiDAR generation models are

jointly trained with occupancy-based conditions.

The occupancy generation model is first trained with a

batch size of 16 on 8 NVIDIA A100 GPUs for about 3 days.

The AdamW optimizer is adopted. The number of occupancy

frames is fixed at 8 during training. For Occupancy VAE,

the learnable class embedding C ′ is set to 8 following [43].

The learning rate is set to 1 × 10−3 over 200 epochs. For

Occupancy DiT, the diffusion transformer model is based

on [22], with a learning rate of 1× 10−4 over 600 epochs.

In the second stage, the video generation model and the Li-



Figure 5. Visualization of Out-of-Distribution (OOD) occupancy

generation, showcasing the model’s ability to generalize and pro-

duce realistic occupancy outputs in unseen scenarios. The top row

displays the generated 3D occupancy grids, while the bottom row

presents the corresponding BEV layouts, highlighting the preserva-

tion of structural and semantic consistency in OOD cases.

Figure 6. Visualization of the effect on geometric aware noise

prior. Our method injects dense appearance priors and incorporates

explicit geometric awareness in the sampling process, resulting in

high-fidelity and consistent moving cars across different frames.

DAR generation model are jointly trained for 90 epochs with

a total batch size of 96 and an initial learning rate of 1×10−5.

The training is implemented on 96 NVIDIA A100 GPUs for

about 7 days. The video generation model is initialized with

pre-trained weights from SVD [3] with a fixed video VAE.

The image resolution for training is set to 256×512 follow-

ing [34], and the number of frames is fixed at 8. Note that

we apply the roll-out sampling strategy following [7] in the

sampling process to enable long-term generation. The Li-

DAR generation model is trained from scratch. The AdamW

optimizer is leveraged during the training.

7. Comparison Baselines

The occupancy generation method is compared with Oc-

cLlama [32], OccWorld [43], and OccSora [27]. OccWorld

relies on historical occupancy data and the trajectory of

the ego vehicle to predict future occupancy. Building upon

OccWorld, OccLlama incorporates a Large Language Model

(LLM) to interpret the semantic scene, thereby enhancing

forecasting accuracy.

We compare our video generation results with other im-

age and video generation methods, including BEVGen [25],

BEVControl [39], DriveGAN [12], DriveDreamer [42],

WoVoGen [19], Panacea [34], MagicDrive [6], Drive-

WM [31], Vista [7]. As mentioned in Sec.4.1 of the

main paper, the initial model of Vista [7] only supports

single-view video generation. Thus, we implement the

multi-view variant of Vista∗ with spatial-temporal attention

following [6, 36] for a fair comparison.

The LiDAR generation results are compared with

Open3D [45] and LiDARDM [47]. Open3D employs a

hard ray-casting function to generate LiDAR point clouds

from occupancy grids. This process involves converting

the occupancy grid into a mesh, where each occupied voxel

is represented as a cube. The ray depth is determined

by calculating the intersection between the ray and the

nearest triangular face of the mesh. Note that this method

does not provide intensity values or ray drop probabilities.

LiDARDM begins the generation process by aggregating

multi-frame point clouds and removing dynamic objects

using 3D object detection labels. The remaining data is

used to reconstruct a mesh via the NKSR algorithm [10].

A mesh diffusion model is trained using this mesh as a 3D

representation and the BEV layout as a condition. During

inference, a mesh is sampled from the diffusion model

based on a BEV layout map. Mesh models of dynamic

objects, selected from predefined assets, are then inserted

into the generated mesh according to the detection labels of

the corresponding frame. Hard ray casting is subsequently

applied to obtain the point cloud. Similar to Open3D,

LiDARDM does not generate intensity values and requires

an additional network to predict ray drop probabilities.

8. More Visualization Results

Out-of-Distribution Occupancy Generation. To further

illustrate the strong generalization capability and controlla-

bility of our occupancy generation model, we present the

Out-of-Distribution (OOD) occupancy generation results,

as shown in Fig. 5. These visualizations demonstrate the

model’s ability to generate realistic occupancy outputs in

previously unseen scenarios, while maintaining structural

and semantic consistency in OOD cases.

Generalization on other Autonomous Driving Datasets.
As shown in Fig. 10, we evaluate the generalization ability



Figure 7. Visualization of LiDAR beam scanning patterns across different configurations. The ground truth utilizes a 32-beam LiDAR setup,

while the proposed methods (’Ours-16’, ’Ours-32’, and ’Ours-64’) demonstrate varying levels of beam density. The comparison highlights

the model’s ability to simulate realistic LiDAR patterns and preserve scene geometry across different beam resolutions.

Figure 8. Visualization of large-scale coherent generation, where a large-scale BEV layout serves as the input. The long-term semantic

occupancy from the given BEV layouts is first produced, which subsequently guides the generation of LiDAR point clouds and multi-view

videos. The results demonstrate the model’s ability to produce temporally and spatially consistent outputs in large-scale environments.



Figure 9. Visualization of controllable video generation with diverse attributes. The pipeline demonstrates the ability to generate videos

conditioned on BEV layouts, with control over various attributes such as weather (sunny, cloudy, rainy) and time of day (day, night). The top

and bottom rows showcase different input configurations, resulting in realistic video outputs with the desired attribute variations.

Figure 10. Generalization on the Waymo (upper) and nuPlan (lower) datasets. Due to unavailability, the back view on the Waymo dataset

is set to null.

of our model on the Waymo and nuPlan datastes. Given

scene layouts, our model can be directly transferred to

different datasets with conditional reference images. Note

that due to unavailability, the back view on the Waymo



dataset is set to null.

Effect on Geometric Aware Noise Prior. As mentioned in

Sec.3.2 of the main paper, the Geometric-aware Noise Prior

strategy injects dense appearance priors and incorporates

explicit geometric awareness in the sampling process of

video generation. The Visualization results are illustrated

in Fig. 6. We can see that the video generation quality is

obviously improved, resulting in high-fidelity and consistent

moving cars across different frames.

Diverse LiDAR Beam Scanning Patterns. Owing to the

flexibility of our ray-based LiDAR heads, the scanning

pattern of the LiDAR beam can be freely configured.

This capability facilitates the generation of LiDAR point

clouds with various scanning patterns without necessitating

retraining. As illustrated in Fig. 7, whereas the ground truth

LiDAR beam is constrained to 32, our method is capable

of generalizing to 16, 32, and 64 LiDAR beams. The

visualization underscores the model’s capability to simulate

realistic LiDAR patterns while preserving scene geometry

across various beam resolutions.

Versatile Generation Ability of UniScene. To further

demonstrate the versatile generation capabilities of our

proposed UniScene, we apply it across various scenarios.

Figure 8 illustrates UniScene’s capacity to generate large-

scale, coherent scenes, underscoring the model’s ability to

produce outputs that are temporally and spatially consistent

in extensive environments. The controllable generation

of attribute-diverse videos is showcased in Figure 9,

highlighting realistic video outputs with desired attribute

variations for different input configurations. Additionally,

the application of UniScene to scene editing is depicted

in Figure 11, demonstrating the model’s flexibility in

generating consistent and realistic outcomes based on edited

scene geometries. The results presented in Figures 12, 13,

and 14 further exemplify UniScene’s capability to jointly

produce high-quality semantic occupancy, video, and

LiDAR data, all while maintaining temporal consistency.



Figure 11. Visualization of controllable generation through geometry editing, demonstrating the ability to manipulate BEV layouts to alter

scene geometry. The process begins with modified BEV layouts, followed by the generation of updated semantic occupancy and LiDAR

point clouds. These results in multi-view video outputs that reflect the geometric changes, showcasing the model’s flexibility in producing

consistent and realistic outputs based on edited scene geometries.



Figure 12. More visualization of unified generation of semantic occupancy, LiDAR point clouds, and multi-view videos.



Figure 13. More visualization of unified generation of semantic occupancy, LiDAR point clouds, and multi-view videos.



Figure 14. More visualization of unified generation of semantic occupancy, LiDAR point clouds, and multi-view videos.
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