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Figure 1. (a) Overview of UniScene. Given BEV layouts, UniScene facilitates versatile data generation, including semantic occupancy,

multi-view video, and LiDAR point clouds, through an occupancy-centric hierarchical modeling approach. (b) Performance comparison on
different generation tasks. UniScene delivers substantial improvements over SOTA methods in video, LiDAR, and occupancy generation.

Abstract

Generating high-fidelity, controllable, and annotated train-
ing data is critical for autonomous driving. Existing meth-
ods typically generate a single data form directly from a
coarse scene layout, which not only fails to output rich
data forms required for diverse downstream tasks but also
struggles to model the direct layout-to-data distribution. In
this paper, we introduce UniScene, the first unified frame-
work for generating three key data forms — semantic occu-
pancy, video, and LiDAR — in driving scenes. UniScene
employs a progressive generation process that decomposes
the complex task of scene generation into two hierarchical
steps: (a) first generating semantic occupancy from a cus-
tomized scene layout as a meta scene representation rich
in both semantic and geometric information, and then (b)
conditioned on occupancy, generating video and LiDAR
data, respectively, with two novel transfer strategies of
Gaussian-based Joint Rendering and Prior-guided Sparse
Modeling. This occupancy-centric approach reduces the
generation burden, especially for intricate scenes, while
providing detailed intermediate representations for the sub-
sequent generation stages. Extensive experiments demon-
strate that UniScene outperforms previous SOTAs in the
occupancy, video, and LiDAR generation, which also indeed
benefits downstream driving tasks. The Project is available

*Share contribution
†Corresponding author

at https://arlo0o.github.io/uniscene/.

1. Introduction
The generation of high-quality driving scenes is a promising

approach for autonomous driving (AD), as it helps miti-

gate the high resource demands associated with real-world

data collection and annotation [19, 25, 34, 41]. Recent ad-

vancements in generative models, particularly diffusion mod-

els [19, 25, 34, 41], have made it possible to generate realistic

synthetic data [43, 51, 65], facilitating the training of down-

stream tasks. Existing methods [13, 51, 54, 57, 75] typically

use layout conditions derived from coarse geometric labels

(e.g., BEV maps and 3D bounding boxes) as input to guide

scene generation. The resulting synthetic data are then lever-

aged to improve downstream tasks such as BEV segmenta-

tion [27, 29, 60] and 3D object detection [6, 10, 16, 37, 53].

Nevertheless, as depicted in Tab. 1, existing driving scene

generation models predominantly focus on generating data

in a single format (e.g., RGB video) [13, 51, 54, 58, 69],

without fully exploring the potential of generating data

across multiple formats. This limits their applicability for a

wide range of downstream tasks that require diverse sensor

data (i.e., RGB video, LiDAR) to ensure sufficient training

for real-world scenarios [1, 3, 28, 30, 50]. Furthermore,

previous methods attempt to capture the real-world distri-

bution with a single-step layout-to-data modeling process

given only coarse input conditions (e.g., BEV layouts or 3D

boxes) [13, 54, 58]. This direct learning strategy hinders the

model’s ability to capture the complex distributions inherent
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Method Multi-view Video LiDAR Occupancy

BEVGen [44]
BEVControl [65]
DriveDreamer [69]
Vista [14]
MagicDrive [13]
Drive-WM [54]

LiDARGen [74]
LiDARDiffusion [39]
LiDARDM [75]

OccSora [47]
OccLLama [56]
OccWorld [70]

UniScene (Ours)

Table 1. Comparison of generation forms with existing works.

in real-world driving scenes (e.g., realistic geometry and

appearance), often resulting in suboptimal performance, as

illustrated in Fig. 1 (b). To address this challenge, recent

methods in data-driven realistic generation [22, 36, 45] have

sought to model complex distributions using intermediate

representations as inductive biases, enabling the generation

of high-quality results through hierarchical steps.

Thus, exploring an optimal intermediate representation

for complex 3D generation tasks in autonomous driving is

crucial for achieving high-quality outputs. Semantic oc-

cupancy, widely used in autonomous driving perception

tasks, has recently been recognized as a superior scene rep-

resentation due to its rich semantic and geometric informa-

tion [17, 46, 50]. Building on this, recent advancements in

volumetric generation [25, 39, 74, 75] highlight the signifi-

cant potential of semantic occupancy, not only for depicting

driving environments with enhanced 3D structural details

but also for enabling more accurate and diverse scene gen-

eration. Compared to traditional 2D representations, such

as BEV maps [13, 43, 51, 54, 58, 65, 69], 3D occupancy

offers a richer and more detailed scene representation. Given

these advantages, we argue that semantic occupancy is an

ideal intermediate representation for decomposing complex

driving scene generation tasks. It captures both semantic and

geometric information, facilitating the generation of diverse

data formats (e.g., RGB video and LiDAR) while enhancing

the flexibility and accuracy of the generation process.

To this end, we propose UniScene, a unified occupancy-

centric framework designed for the versatile generation of se-

mantic occupancy, video, and LiDAR data. As illustrated in

Fig. 1 (a), UniScene adopts a decomposed learning paradigm

and is structured hierarchically: it first generates 3D seman-

tic occupancy from BEV scene layouts, and subsequently

leverages this representation to facilitate the generation of

video and LiDAR data. Specifically, in contrast to previous

unconditional occupancy generation approaches [23, 24, 31],

we use customized BEV layout sequences as controllable in-

puts to generate semantic occupancy sequences with spatial-

temporal consistency. Unlike single-step layout-to-data

learning methods [13, 44, 54, 58, 69], our approach utilizes

the generated occupancy as an intermediate representation

to guide the subsequent generation. To bridge the represen-

tation gap and ensure high-fidelity generation of video and

LiDAR data, we introduce two novel representation trans-

fer strategies: 1). A geometry-semantics joint rendering

strategy, utilizing Gaussian Splatting [20, 72], to facilitate

conditional video generation with detailed multi-view se-

mantic and depth maps; 2). A prior-guided sparse modeling

scheme for LiDAR data generation, which efficiently gener-

ates LiDAR points using occupancy-based priors. The con-

tributions of our framework can be summarized as follows:

• We introduce UniScene, the first unified framework for

versatile data generation in driving scenes. It jointly gen-

erates high-quality data across three formats: semantic

occupancy, multi-view video, and LiDAR point clouds.

• We propose a decomposed conditional generation

paradigm that progressively models complex driving

scenes, effectively reducing the difficulty of generation.

Fine-grained semantic occupancy is first generated as an

intermediate representation, which then facilitates the sub-

sequent generation of video and LiDAR data.

• To bridge the domain gap between occupancy and other

data formats, we introduce two novel representation trans-

fer strategies: one based on Gaussian Splatting rendering

and the other leveraging a sparse modeling scheme.

• Extensive experiments across various generation tasks

demonstrate that UniScene outperforms state-of-the-art

methods in video, LiDAR, and occupancy generation.

Moreover, the data generated by UniScene leads to signifi-

cant enhancements in downstream tasks, including occu-

pancy prediction, 3D detection, and BEV segmentation.

2. Related Work
Semantic Occupancy Representation. Semantic occu-

pancy has emerged as a prominent 3D scene representation

in autonomous driving. Current research primarily focuses

on Semantic Occupancy Prediction (SOP). MonoScene [9]

introduces a 3D SOP method based on a monocular camera.

TPVFormer [18] presents a Tri-Perspective View framework

for SOP. VPD [25] utilizes a generative diffusion model

for 3D SOP. In the realm of occupancy forecasting, Occ-

World [70] predicts future occupancy states based on prior

occupancy, while OccLlama [56] incorporates Large Lan-

guage Models (LLMs) to assist in future occupancy predic-

tion. However, research on occupancy generation, partic-

ularly for temporal 3D occupancy sequence generation, is

still limited. Recently, OccSora [47] employs a Diffusion

Transformer (DiT) to generate occupancy, but the quality of

the generated results still lags behind the ground truth.

Generation Models in Autonomous Driving. High-quality

data is essential for training models in autonomous driv-

ing, which has led to a growing interest in driving scene
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Figure 2. Overall framework of the proposed method. The joint generation process is organized into an occupancy-centric hierarchy: I.
Controllable Occupancy Generation. The BEV layouts are concatenated with the noise volumes before being fed into the Occupancy

Diffusion Transformer, and decoded with the Occupancy VAE Decoder Docc. II. Occupancy-based Video and LiDAR Generation. The

occupancy is converted into 3D Gaussians and rendered into semantic and depth maps, which are processed with additional encoders as in

ControlNet. The output is obtained from the Video VAE Decoder Dvid. For LiDAR generation, the occupancy is processed via a sparse

UNet and sampled with the geometric prior guidance, which is sent to the LiDAR head Dlid for generation.

generation tasks. One line of research employs Neural Ra-

diance Fields (NeRF) and Gaussian Splatting (GS) tech-

niques [61, 62, 64, 67] to synthesize novel perspectives,

though these methods often suffer from limited scene diver-

sity. With the rise of diffusion models, increasing attention

has been given to generating driving images or videos, as

seen in works like BEVGen [44], DriveDreamer [51], Mag-

icDrive [13], and Panacea [57]. Some approaches also in-

tegrate world-model concepts into the generation process,

such as Drive-WM [54], WoVoGen [33], and Vista [14]. In

addition to generating images or videos, recent studies have

explored the generation of LiDAR point clouds, including

LidarDiffusion [39] and LidarDM [75]. Nevertheless, these

methods primarily focus on single-form generation, over-

looking the complementary nature of multi-modal data. In

contrast, our versatile framework generates multiple forms of

high-quality data, including occupancy, video, and LiDAR.

3. Methodology
In this section, we present UniScene, a unified framework

designed to jointly generate three data forms: semantic oc-

cupancy, multi-view video, and LiDAR point cloud.

Overview. As shown in Fig. 2, we decompose the complex

task of driving scene generation into an occupancy-centric

hierarchy. Specifically, given multi-frame BEV layouts as

conditions, UniScene first generates the corresponding se-

mantic occupancy sequence with an Occupancy Diffusion

Transformer (Sec. 3.1). The generated occupancy then serves

as conditional guidance for subsequent video and LiDAR

generation. For video generation, the occupancy is converted

into 3D Gaussian primitives, which are then rendered into 2D

semantic and depth maps to guide the video diffusion UNet

(Sec. 3.2). For LiDAR generation, we propose a sparse mod-

eling approach that combines a LiDAR sparse UNet with

a ray-based sparse sampling strategy, guided by occupancy

priors, to effectively produce LiDAR points (Sec. 3.3).

3.1. Controllable Semantic Occupancy Generation
Generating controllable and temporally consistent seman-

tic occupancy is crucial in UniScene, as subsequent video

and LiDAR generation depend on it. To address this, we in-

troduce the Occupancy Diffusion Transformer (DiT), which

takes BEV layout sequences as input, allowing users to easily

edit and generate the corresponding occupancy sequences.

Temporal-aware Occupancy VAE. The occupancy VAE

is designed to compress occupancy data into a latent space

for computational efficiency. Unlike existing VQVAE-based

approaches that rely on discrete tokenizers [56, 70], our

method employs a VAE to encode occupancy sequences into

a continuous latent space. It facilitates better preservation

of spatial details, particularly under high compression ratios.

Experimental evaluations are provided in Sec.4.1 and Tab.2.

Specifically, temporal information is only considered

during the VAE decoding process, enabling greater flex-

ibility as in [5]. In the VAE encoder, we transform the

3D occupancy O ∈ R
H×W×D into a BEV representation

Ô ∈ R
H×W×DC′

following [70], where C ′ represents

the dimension of the learnable class embedding. Subse-

quently, 2D convolutional layers and 2D axial attention lay-

ers are used to obtain a down-sampled continuous latent

feature. The VAE decoder reconstructs the temporal latent

feature zseq
occ ∈ R

T×C×h×w into an occupancy sequence

Oseq ∈ R
T×H×W×D. It is built using 3D convolutional

layers and 3D axial attention layers to capture temporal

features. Similar to [70], we use cross-entropy loss LCE,

Lovasz-softmax loss LLS, and KL divergence loss LKL to

train the VAE. The total loss for the occupancy VAE is:

Lvae
occ = LCE + λ1LLS + λ2LKL, (1)

where λ1 and λ2 are the respective loss weights. Additional

details about the training setup for the occupancy VAE can

be found in the supplementary materials.

Latent Occupancy DiT. The Latent Occupancy DiT learns

to generate occupancy latent sequence from noise volumes

with the condition of the BEV layout B. Specifically, the

BEV layouts are first concatenated with the noise volumes,

which are further patchified before being fed into the Occu-

pancy DiT. This explicit alignment strategy helps the model

efficiently learn spatial relationships, enabling more precise
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control over the generated sequences. The Occupancy DiT

aggregates spatial-temporal information through a series of

stacked spatial and temporal transformer blocks [35]. The

loss function of Occupancy DiT is defined following [38]:

Ldit
occ = E

[
T∑

i=1

∥∥fdit

(
zi

occ,B
i
)− εin

∥∥2] , (2)

where fdit

(
zi

occ,B
i
)

represents the model output, while zi
occ

represents the input noisy latent of ith frame. εin is the ran-

dom noise sampled from N (0, I). By incorporating tempo-

ral information, our occupancy diffusion model enables the

generation of long-term consistent occupancy sequences (see

Fig. 5 (a)). More architectural details about the Occupancy

VAE and DiT can be found in the supplementary.

3.2. Video: Occupancy as Conditional Guidance
The video generation model is initialized with the pre-trained

latent generation model of Stable Video Diffusion (SVD) [4],

which is composed of a 3D video VAE and a video diffu-

sion UNet. As depicted in Fig. 2, the video diffusion UNet

takes occupancy-based rendering maps and text prompts as

conditions to generate multi-view driving videos.

Gaussian-based Joint Rendering. The input semantic oc-

cupancy grids are jointly rendered into multi-view semantic

and depth maps with forward Gaussian Splatting [20, 72].

The rendered maps bridge the representation gaps between

the occupancy grids and the multi-view video, providing fine-

grained semantic and geometric guidance to facilitate high-

quality and consistent video generation. Rather than relying

on the resource-intensive spatial-temporal attention mecha-

nisms used in previous works [13, 59] for cross-view con-

sistency, we retain the vanilla cross-attention from SVD [4]

and ensure cross-view consistency through occupancy-based

multi-view conditional guidance. Additional experimental

evaluations are provided in Fig.9 and Tab.9.

Specifically, given input semantic occupancy with the

shape of R
H×W×D, we first convert it into a set of 3D

Gaussian primitives G = {Gi}Ni=1 based on the center and

semantic label of each occupancy grid. In this way, each

Gaussian primitive contains attributes of position μ, semantic

label s, opacity status α, and the covariance Σ calculated

with the default rotation and voxel size scaling. Then, the

depth map D and the semantic map S are rendered via tile-

based rasterization [20] similar to color rendering:

D =
∑
i∈N

diα
′
i

i−1∏
j=1

(
1− α′

j

)
, (3)

S = argmax(
∑
i∈N

onehot(si)α
′
i

i−1∏
j=1

(
1− α′

j

)
), (4)

where di denotes the depth value and α′ is determined by

the projected 2D Gaussian and the 3D opacity α as [20].

Figure 3. Visualization of the Gaussian-based joint rendering.

The visualization results of the rendered semantic and depth

maps are shown in Fig. 3. Note that the road lines from

the BEV layouts are projected onto the semantic occupancy,

integrating the corresponding semantic information. These

maps are fed into an encoder branch with residual connec-

tions and zero convolutions, similar to ControlNet [68], to

leverage the pre-trained capabilities of the video diffusion

UNet while preserving its inherent generative power.

Geometric-aware Noise Prior. To further enhance video

generation quality, we introduce a geometry-aware noise

prior strategy during the sampling process. It injects a dense

appearance prior, similar to previous works [12, 52], while

also incorporating explicit geometric awareness through the

rendered depth map D to model regional correlations.

Specifically, the training noise in vanilla noise prior is:

εivid = λzc + εin, (5)

where εivid represents the noise input of ith video frame. zc
denotes the latent feature corresponding to the conditional

video frame, obtained by encoding the conditional video

frame using the 3D video VAE encoder. εin is random noise

sampled from N (0, I). λ is the balancing coefficient.

Nevertheless, in real-world scenarios, many regions

within dynamic videos exhibit significant variations across

multiple frames. The simple strategy described earlier does

not account for correspondence modeling in these highly

dynamic regions. To address this, we leverage the rendered

depth map D to warp the appearance prior from the reference

image to other images using depth-based reprojection [8, 55],

enabling explicit geometric awareness. With this approach,

we revisit Eq. 5 and optimize it as follows:

εivid = λ(Warp(zc,D
i,K, [R0,i | t0,i])) + εin, (6)

where the depth-based Warp process [8, 55] projects the

pixel pi = (u, v, 1)
T

in the ith latent feature zi to its coun-

terpart p0 in the conditional latent feature zc as:

p0 = K · (R0,i · (K−1 · pi ·Di(u, v)) + t0,i). (7)

where K is the camera intrinsics of the latent features, scaled

from the original sensor parameters. [R0,i | t0,i] is the trans-

form matrix from target latent zi to conditional latent zc.
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Figure 4. (a) Sparse sampling with occupancy-based prior guid-

ance. (b) Visualization of the effect on LiDAR ray-dropping head.

Di is the rendered depth map of ith video frame. More

details of the evaluation results can be found in Tab. 9 and

the supplementary.

Video Training Loss. We define the video training loss

similar to previous works [4, 14], which is formulated as:

Lvid = E

[
T∑

i=1

(
1−mi

) · ∥∥fvid

(
zi

vid, t, zc,D
i,Si

)− zi
0

∥∥2] ,
(8)

where fvid

(
zi

vid, t, zc,D
i,Si

)
represents the output of the

video generation model. Di and Si denote the rendered

depth map and semantic map of ith video frame, respec-

tively. t represents the input text prompt. zi
0, z

i
vid are the

ground truth and input noisy latent, respectively. zc is the

conditional reference frame leveraged following SVD [4].

m is the one-hot mask used to select the condition frames.

Note that we randomly select zc to diminish the model’s

reliance on any specific conditioning frame.

3.3. LiDAR: Occupancy-based Sparse Modeling
As illustrated in Fig. 2, for LiDAR generation, the input

occupancy is first encoded into sparse voxel features with a

Sparse UNet [42], which are then used to produce LiDAR

points via sparse sampling guided by occupancy priors.

Prior Guided Sparse Modeling. Given the inherent sparsity

and detailed geometry of semantic occupancy, we propose a

prior-guided sparse modeling approach to enhance computa-

tional efficiency (see the last column of Tab.5), by avoiding

unnecessary computations on unoccupied voxels. The input

semantic occupancy grids are first processed using a Sparse

UNet[42] to aggregate contextual features. Next, we perform

uniform sampling along the LiDAR rays, denoted as r, to

generate a sequence of points, represented as s.

As shown in Fig. 4 (a), to facilitate prior-guided sparse

sampling, we assign a probability of 1 to points within occu-

pied voxels and 0 to all other points, thus defining a probabil-

ity distribution function (PDF). Subsequently, we resample

n points {ri = o + siv (i = 1, ..., n)} based on the PDF.

Here o is the ray origin and v is the normalized ray direction.

LiDAR Head and Training Loss. Following the ray-based

volume rendering techniques from previous works [2, 48,

66], the features of each resampled point are processed

through a multi-layer perceptron (MLP) to predict the signed

distance function (SDF) f(s) and to compute the associated

weights w(s). These predictions and weights are then used

to estimate the depth of the ray via volume rendering:

βi = max(
Φs(f(r(si)))− Φs(f(r(si+1)))

Φs(f(r(si)))
, 0), (9)

w(si) =
i−1∏
j=1

(1− βj)βi, h =
n∑

i=1

w(si)si, (10)

where Φs(x) = (1+ e−sx)−1, h is the rendered depth value.

To more accurately simulate the realistic LiDAR imaging

process, we incorporate an additional reflection intensity

head and a ray-dropping head. The reflection intensity head

predicts the intensity of the object’s reflection of the Li-

DAR laser beam along each ray. This prediction involves a

weighted sum of the point features along the ray according to

w(s), followed by an MLP for estimation. The ray-dropping

model estimates the probability of a ray not being captured

by the LiDAR due to the failure in detecting reflected light,

which is implemented with the same structure as the reflec-

tion intensity head. As shown in Fig. 4 (b), the ray-dropping

head effectively eliminates noise points in the predictions.

The training loss for LiDAR generation is composed of depth

loss Ldepth, intensity loss Linten and ray-dropping loss Ldrop:

Llid = Ldepth + λ1Linten + λ2Ldrop, (11)

where λ1, λ2 are balancing coefficients. More details includ-

ing the training setup are provided in the supplementary.

4. Experiments
Our experiments are conducted on the challenging NuScenes

benchmark [7]. We interpolate the semantic occupancy la-

bels from the 2Hz key-frame annotations of the NuScenes-

Occupancy dataset [50] to a higher frame rate of 12Hz, sim-

ilar to previous studies [13, 49, 69]. For additional details,

including dataset specifics, evaluation metrics, comparison

baselines, model configurations, and further visualizations,

please refer to the supplementary materials.

4.1. Main Results
Versatile Generation Ability. As shown in Fig. 5, the pro-

posed UniScene facilitates versatile and controllable gener-

ation. For large-scale coherent generation, UniScene first

produces long-term semantic occupancy from the given BEV

layouts, which subsequently guides the generation of LiDAR

point clouds and multi-view videos (Fig. 5(a)). Regarding

controllable geometry editing, users can easily edit the BEV

layouts, such as by removing cars (Fig. 5(b)), and the gen-

eration results can change accordingly. Furthermore, as

depicted in Fig. 5(c), for attribute customization, UniScene

allows for varied weather and lighting conditions in the

generated videos through user-specified text prompts (e.g.,

specifying weather or time of day).
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Figure 5. Versatile generation ability of UniScene. (a) Large-scale coherent generation of semantic occupancy, LiDAR point clouds, and

multi-view videos. (b) Controllable generation of geometry-edited occupancy, video, and LiDAR by simply editing the input BEV layouts to

convey user commands. (c) Controllable generation of attribute-diverse videos by changing the input text prompts.

Method
Compression

Ratio
↑ mIoU ↑ IoU ↑

OccLLama (VQVAE) [56] 8 75.2 63.8
OccWorld (VQVAE) [70] 16 65.7 62.2
OccSora (VQVAE) [47] 512 27.4 37.0

Ours (VAE) 32 92.1 87.0
Ours (VAE) 512 72.9 64.1

Table 2. Occupancy Reconstruction. The compression ratio is

calculated following the methodology outlined in OccWorld [70].

The top two performers are highlighted in bold and underlined.

Method CFG mIoU ↑ F3D ↓ MMD ↓

Ours-Gen.
4 20.51 205.78 11.60
1 19.44 158.55 10.60

OccWorld [70] - 17.13 145.65 9.89
Ours-Fore. - 31.76 43.13 2.86

Table 3. Occupancy Generation and Forecasting. ‘Ours-Gen.’

and ‘Ours-Fore.’ denote our Generation model and Forecasting

model, respectively. ‘CFG’ refers to the Classifier-Free Guidance.

Occupancy Reconstruction, Generation and Forecasting.
The evaluation of occupancy is on the NuScenes-Occupancy

key-frame (2Hz) validation set. Since precisely reconstruct-

ing the occupancy is vital for occupancy generation, we first

compare our Occupancy VAE with the existing methods on

reconstruction accuracy in Tab. 2. Compared to the discrete

compression with VQVAE in previous works [47, 56, 70],

our continuous compression with VAE achieves remarkable

reconstruction performance even under the high compres-

sion ratio of 512, surpassing OccWorld [70] by 10.96% in

mIoU. Note that the compression ratio of 512 is employed

as the default setting in our model to ensure efficiency.

To further evaluate the effectiveness of our occupancy

generation model, we implement a forecasting variant of our

Method Multi-view Video FID ↓ FVD ↓
BEVGen [44] 25.54 -
BEVControl [65] 24.85 -
DriveGAN [21] 73.40 502.30
DriveDreamer [69] 52.60 452.00
Vista [14] 6.90 89.40

WoVoGen [33] 27.60 417.70
Panacea [57] 16.96 139.00
MagicDrive [13] 16.20 -
Drive-WM [54] 15.80 122.70
Vista ∗ [14] 13.97 112.65

Ours (Gen Occ) 6.45 71.94
Ours (GT Occ) 6.12 70.52

Table 4. Video Generation. We implement the multi-view variant

of Vista∗ [14] with spatial-temporal attention [13, 59].

Method MMD (10−4)↓ JSD ↓ Time (s)↓
LiDARDM [75] 3.51 0.118 45.12
Open3D [73] 8.15 0.149 2.39

Ours (Gen Occ) 2.40 0.108 0.47
Ours (GT Occ) 1.53 0.072 0.25

Table 5. LiDAR Generation. We include the semantic occupancy

generation time for a fair comparison.

model as previous forecasting works [70] for comparison.

Please refer to the supplementary for forecasting adaption

details. The quantitative evaluation for occupancy generation

(‘Ours-Gen.’) and forecasting (‘Ours-Fore.’) is shown in

Tab. 3. Even with fewer reference occupancy frames (‘Ours-

Fore.’: 2, OccWorld: 5), ‘Ours-Fore’ surpasses OccWorld

by 70.39% in F3D and 71.08% in MMD, respectively. The

qualitative results of occupancy forecasting are shown in

Fig. 6. Our method can handle dynamic objects and sharp

steering maneuvers compellingly in the generating process.

Video Generation Results. The quantitative comparison of
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Figure 6. Qualitative evaluation for occupancy forecasting. Our

method can compellingly handle sharp steering maneuvers and

dynamic objects with temporal consistency.

video generation is illustrated in Tab. 4. The ‘Gen Occ’ and

‘GT Occ’ represent the occupancy conditions generated from

our framework and ground truth, respectively. Our method

supports multi-view video generation and outperforms all

the other methods, achieving 71.94 FVD with generated

occupancy and 70.52 FVD with ground truth occupancy,

respectively. Note that the competitive method of Vista [14]

only supports single-view video generation, here we imple-

ment the multi-view variant with spatial-temporal attention

following [13, 59] for a fair comparison.

As shown in Fig. 7, we compare our video generation

results with the video generation model of MagicDrive [13].

Our approach demonstrates an obvious improvement in

video generation quality, particularly in the structure quality

of objects and cross-view consistency. The notable enhance-

ment is attributed to the conditional guidance derived from

occupancy-based semantic and geometric rendering maps.

LiDAR Generation Results. We compare our LiDAR gen-

eration model with Open3D [73] and LiDARDM [75] on

the NuScenes validation set. For Open3D, we utilize the li-

brary’s hard ray-casting function to convert the ground truth

occupancy grids into corresponding LiDAR point clouds.

LiDARDM is implemented using the official repository and

trained with the same setting as our model on NuScenes. The

‘Gen Occ’ and ‘GT Occ’ are the same as the video generation

evaluation. As shown in Tab. 5, our method achieves the best

generation performance, surpassing LiDARDM by 31.62%

in MMD. Moreover, our approach demonstrates significant

advantages in inference speed over other methods, which

stem from our efficient sparse modeling scheme. The qual-

itative results are shown in Fig. 8. Compared to LiDARM

and Open3D, our method shows significant superiority in

generating precious scene layouts and clear object details.

Downstream Task Evaluation. UniScene can produce

multi-modal augmented data with corresponding annota-

tions, thereby enhancing training for downstream percep-

tion tasks. We augment an equal quantity of images and

LiDAR point clouds as in the original NuScenes dataset,

ensuring consistent training iterations and batch sizes for

fair comparisons as previous works [13, 44]. Unlike exist-

ing works [13, 44] that only produce augmented images,

Figure 7. Qualitative evaluation for video generation. Our method

excels in object structure quality and cross-view consistency.

Figure 8. Qualitative evaluation for LiDAR generation. Our

method generates precious scene layouts and clear object details.

we generate different data forms to enable the training of

comprehensive downstream multi-modal perception mod-

els. For the Occupancy Prediction task in Tab. 6, UniScene

significantly improves the baseline of CONet [50] in differ-

ent modality settings (e.g., Camera (C), LiDAR (L), Cam-

era+LiDAR (C&L) ), which stems from the high fidelity gen-

eration with precious occupancy-based conditional guidance

of fine-grained geometry and semantics. For the BEV Seg-

mentation and Object Detection tasks in Tab. 7, we employ

CVT [71]) and BEVFusion [32] as baselines following [13].

Our method significantly surpasses other methods for data

augmentation, highlighting the superior generation quality.

4.2. Ablation Studies
Effect of Designs in Occupancy Generation Model. We

conduct extensive ablation studies to validate the effective-

ness of the occupancy generation model components, as

shown in Tab. 8. Incorporating temporal information in the

occupancy VAE decoder with 3D axial attention boosts oc-

cupancy sequence generation fidelity, particularly reducing

the MMD metric by 38.01%. The temporal attention layer in

Occupancy DiT effectively improves the generation results,

boosting the F3D metric by 10.29%. The spatial attention

layer in Occupancy DiT brings significant enhancement in

generation fidelity, reducing the F3D metric by 39.26%.

Effect of Designs in Video Generation Model. As shown

in Tab. 9 and Fig. 9, we conduct extensive ablation studies to

validate the effectiveness of the video generation model com-

ponents. For the setting of ‘w/. Spatial-temporal Attention’,
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Method Input IoU ↑ mIoU ↑
MonoScene [9] C 18.4 6.9
TPVFormer [18] C 15.3 7.8
Baseline-C [50] C 20.1 12.8
w/. Vista∗ [14] C 20.8+0.7 13.1+0.3
w/. MigicDrive [13] C 21.8+1.7 13.9+1.1
w/. Ours-C C 28.6+8.5 16.5+3.7

LMSCNet [40] L 27.3 11.5
JS3C-Net [63] L 30.2 12.5
Baseline-L [50] L 30.9 15.8
w/. Ours-L L 33.1+2.2 19.3+3.5

3DSketch [11] C&LD 25.6 10.7

AICNet [26] C&LD 23.8 10.6
Baseline-M [50] C&L 29.5 20.1
w/. Ours-M C&L 35.4+5.9 23.9+3.8

Table 6. Comparison about training support for semantic occu-
pancy prediction (Baseline as CONet [50]). The “C”, “L”, and

“LD” denote the camera, LiDAR, and depth projected from LiDAR.

Method Input
BEV Segmentation 3D Object Detection

Road mIoU ↑ Vehicle mIoU ↑ mAP ↑ NDS ↑
Baseline [32, 71] C 74.30 36.00 32.88 37.81
w/. BEVGen [44] C 71.90-2.40 36.60+0.60 - -
w/. Vista∗ [14] C 76.62+2.32 37.71+1.71 34.04+1.16 38.60+0.79
w/. MagicDrive [13] C 79.56+5.26 40.34+4.34 35.40+2.52 39.76 +1.95
w/. Ours C 81.69+7.39 41.62+5.62 36.50+3.62 41.22+3.41

Baseline-M [32] C&L - - 65.40 69.59
w/. Ours-M C&L - - 68.53+3.13 72.20+2.61

Table 7. Comparison about training support for BEV segmen-
tation (Baseline as CVT [71]) and 3D object detection (Baseline

as BEVFusion [32]).

we remove the occupancy-based rendering maps and employ

spatial-temporal attention as [13, 59]. Our results indicate

that the occupancy-based semantic and geometric rendering

maps are more effective in enhancing video generation qual-

ity. Moreover, as illustrated in Fig. 9, our strategy markedly

improves the cross-view consistency with high-fidelity struc-

tures. The rendered semantic and depth maps from the se-

mantic occupancy benefit the fidelity of image and video

generation significantly with detailed prior guidance, boost-

ing 34.66% and 31.15% in terms of FVD, respectively. The

geometric-aware noise prior improves the video generation

performance obviously, reducing FVD from 87.52 to 70.52.

Effect of Designs in LiDAR Generation Model. The abla-

tion studies on the proposed LiDAR generation model are

illustrated in Tab. 10. For the setting of ‘w/o. Sparse UNet’,

we replace the Sparse UNet with a single layer of subman-

ifold convolution [15]. As we can see, the Sparse UNet

efficiently improves the generation performance (-25.77%

in JSD) with a relatively small memory increment (+1.63%).

To implement the setting of ‘w/o. Sparse Sampling’, we

replace it with uniform sampling following NeuS [48]. Our

sparse sampling strategy brings a significant computational

consumption decrease (-58.94%) with better performance

(-4.00% in JSD). Moreover, the ray-dropping head reduces

MMD and JSD by 25.92% and 25.00%, respectively. We

attribute such obvious improvement to the capability of real-

Method mIoU ↑ F3D ↓ MMD ↓
Ours 19.44 158.55 10.60

w/o. VAE 3D Axial Attention 18.77 167.91 17.10

w/o. DiT Temporal Attention 17.63 176.74 11.35

w/o. DiT Spatial Attention 10.29 261.03 18.59

Table 8. Ablation for designs in the occupancy generation model.

Method FID↓ FVD↓
Ours 6.12 70.52

w/. Spatial-temporal Attention 12.72 110.87

w/o. Rendered Semantic Map 11.72 107.92

w/o. Rendered Depth Map 10.17 102.42

w/o. Depth-based Noise Prior 7.23 87.52

Table 9. Ablation for designs in the video generation model.

Method MMD (10−4) ↓ JSD ↓ Time (s)↓ Memory (GB)↓
Ours 1.53 0.072 0.25 6.84

w/o. Sparse UNet 2.88 0.097 0.21 6.73

w/o. Sparse Sampling 1.69 0.075 0.30 16.66

w/o. Ray-dropping Head 3.25 0.100 0.25 5.05

Table 10. Ablation for designs in the LiDAR generation model.

Figure 9. Visualization of the effect of occupancy-based condi-

tional guidance. Our approach significantly enhances cross-view

consistency, resulting in high-fidelity structures, while spatial-

temporal attention fails to achieve similar results.

istic LiDAR ray-dropping phenomenon simulation.

5. Conclusion

In this paper, we introduce UniScene, a unified framework

designed to generate high-fidelity, controllable, and anno-

tated data for autonomous driving applications. By decom-

posing the complex scene generation task into two hier-

archical steps, UniScene progressively produces semantic

occupancy, video, and LiDAR data. Extensive experiments

show that UniScene surpasses current SOTAs in all three

data types and enhances extensive downstream tasks.
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