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Abstract

The generation of realistic LIDAR point clouds plays a cru-
cial role in the development and evaluation of autonomous
driving systems. Although recent methods for 3D LiDAR
point cloud generation have shown significant improvements,
they still face notable limitations, including the lack of se-
quential generation capabilities and the inability to produce
accurately positioned foreground objects and realistic back-
grounds. These shortcomings hinder their practical applica-
bility. In this paper, we introduce DriveLiDAR4D, a novel Li-
DAR generation pipeline consisting of multimodal conditions
and a novel sequential noise prediction model LiDAR4DNet,
capable of producing temporally consistent LiDAR scenes
with highly controllable foreground objects and realistic
backgrounds. To the best of our knowledge, this is the first
work to address the sequential generation of LiDAR scenes
with full scene manipulation capability in an end-to-end
manner. We evaluated DriveLiDAR4D on the nuScenes and
KITTI datasets, where we achieved an FRD score of 743.13
and an FVD score of 16.96 on the nuScenes dataset, surpass-
ing the current state-of-the-art (SOTA) method, UniScene,
with an performance boost of 37.2% in FRD and 24.1% in
FVD, respectively.

1 Introduction

Data is a foundational element driving artificial intelligence
advances. Within autonomous driving research, high-quality
data is particularly crucial due to: i) the inherent data-
intensive requirements of deep learning models, and ii)
the necessity of capturing corner cases — rare driving be-
haviours and uncommon road environments — which are
essential for developing safety-critical systems. However,
collecting and annotating diverse multi-modal datasets (e.g.,
camera and LiDAR) remains time-consuming and resource-
intensive. While recent generative models have demon-
strated promising capabilities for synthesizing visual data,
LiDAR scene generation—despite its critical role in provid-
ing geometric awareness — remains comparatively under-
developed. In this work, we aim to advance existing LiDAR
scene generation techniques to better address real-world au-
tonomous driving requirements.
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To synthesize realistic LIDAR data that accurately cap-
tures diverse real-world traffic scenarios, a LiDAR scene
generation method should suppport flexible customization
of road layouts and dynamic object placements. Recent stud-
ies, such as LiDARGen (Zyrianov, Zhu, and Wang 2022),
UltraLiDAR (Xiong et al. 2023), R2DM (Nakashima and
Kurazume 2024), and RangeLDM (Hu, Zhang, and Hu
2024), have made considerable advancements in producing
realistic LIDAR data. However, these techniques predomi-
nantly generate data in an unconditional manner, lacking the
capability to manipulate specific scene elements.

The quality of background LiDAR point clouds is as crit-
ical as that of foreground objects to ensure realism. To this
end, Text2LiDAR (Wu et al. 2024) utilizes textual descrip-
tions as conditioning input. Nonetheless, this method is con-
fined to coarse descriptions encompassing weather condi-
tions, time of day, and object names. The omission of de-
tailed background information, such as specific descriptions
of trees or buildings, compromises the realism of the gener-
ated LiDAR data.

In addition, existing 3D LiDAR scene generation methods
are inadequate for accurately modeling the dynamic behav-
iors of objects. To mitigate this issue, LidarDM (Zyrianov
et al. 2024) proposes to generate LiDAR sequences by sepa-
rately modeling static scenes and dynamic objects. However,
it lacks background control, and its two-stage compositional
strategy potentially compromises the realism and coherence
of the resulting point cloud distributions.

In summary, current LiDAR scene generation methods
are notably deficient when it comes to integrating all criti-
cal capbalities: i) sequential scene generation with detailed
control over both ii) foreground and iii) background com-
ponents. To bridge this gap, we propose DriveLiDAR4D, an
end-to-end 4D LiDAR scene generation pipeline that facili-
tates the generation of sequential LiDAR scenes with com-
prehensive scene manipulation capabilities. DriveLiIDAR4D
is distinguished by two principal features: i) the incorpo-
ration of multimodal conditions, including scene captions,
road sketches and object priors, and ii) a meticulously
designed equirectangular spatial-temporal noise prediction
model, LIDAR4DNet, which ensures spatial and temporal
consistency throughout denoising processes.

Fig. 1 displays LiDAR scenes generated by different
methods on the nuScenes val split. It is evident that
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Figure 1: LiDAR scenes generated by different methods
on the nuScenes val split. DriveLiDAR4D is the first work
to achieve sequential LiDAR scene generation with highly
controllable scene manipulation abilities, including fore-
ground control, background control and object-fidelity en-
hancement.

RangeLDM (Hu, Zhang, and Hu 2024) and Text2LiDAR
(Wu et al. 2024) are unable to generate the vehicle accu-
rately, and backgrounds do not align with those observed
in the Ground Truth(GT) scene. In contrast, the vehicles’
positions and structures, and the background generated by
DriveLiDAR4D closely align with those in the GT scene.
Furthermore, it is noteworthy that DriveLiDAR4D is capa-
ble of generating a sequence of LiDAR scenes that maintain
temporal consistency, whereas RangeLDM (Hu, Zhang, and
Hu 2024) and Text2LiDAR (Wu et al. 2024) can only create
individual LiDAR scenes in isolation.
To summarize, our specific contributions are as follows:

* This is the first work to achieve precise control over fore-
ground objects, including manipulation of their positions
and sizes, and fine-grained control over background ele-
ments in LiDAR scene generation.

* We propose a novel equirectangular spatio-temporal dif-
fusion model, LIDAR4DNet, which achieves end-to-end
sequential LiDAR scene generation while ensuring con-
sistency over foreground and background elements.

* We demonstrate the effectiveness of our proposed Driv-
eLiDAR4D on the KITTI and nuScenes datasets, where
it outperforms the current SOTA methods.
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2 Related Work
2.1 Diffusion Models

Diffusion models have been the de-facto choice in image and
video generation tasks (Podell et al. 2023; Gupta et al. 2024;
Yang et al. 2024).

Research in this field encompasses various aspects of
improvement in diffusion policy (Croitoru et al. 2023;
Liu, Gong, and Liu 2023), model architecture (Bar-Tal
et al. 2024; Peebles and Xie 2023), conditioning strate-
gies (Zhang, Rao, and Agrawala 2023; Khachatryan et al.
2023), among others. For a comprehensive survey of image
and video generation, we refer readers to (Cao et al. 2024).
However, these methods are primarily designed for visual
modality data. LiDAR data presents distinct challenges com-
pared to visual data, as it describes a scene with unordered
and unevenly distributed points. This fundamental differ-
ence makes it challenging to effectively leverage diffusion
models for the LIDAR modality.

2.2 LiDAR Scene Generation

Recent LiDAR data generation approaches can be catego-
rized as either unconditional or conditional generation. In
the unconditional category, methods such as LiDARGen
(Zyrianov, Zhu, and Wang 2022), R2DM (Nakashima and
Kurazume 2024), and LidarGRIT (Haghighi et al. 2024)
train diffusion models directly on the pixel space, while
RangeLLDM additionally employs VAE (Kingma, Welling
et al. 2013) to compress equirectangular images. In the con-
ditional category, Text2LiDAR (Wu et al. 2024) conditions
the diffusion process on coarse textual scene descriptions.
LiDM (Ran, Guizilini, and Wang 2024) investigates vari-
ous conditioning inputs but applies each condition indepen-
dently, limiting its comprehensive manipulation capabilities.
Our object priors condition shares similarities with OLiDM
(Yan et al. 2024), which utilizes synthetic objects as con-
ditions for scene generation. However, OLiDM (Yan et al.
2024) is designed to generate single LIDAR scenes, whereas
our approach incorporates multiple multimodal conditions
to generate sequential LIDAR scenes—a non-trivial task re-
quiring careful pipeline design. LidarDM (Zyrianov et al.
2024) decomposes the generation task into two stages, static
and dynamic object synthesis. But this approach compro-
mises the realism of object point clouds due to its simplistic
modeling of 3D object structures. Moreover,

We also see a growing research on jointly generating Li-
DAR point clouds and images. XDrive (Xie et al. 2025) uses
two diffusion models to generate image and LiDAR point
clouds simultaneously, where latent LiDAR features and la-
tent image features attend to each other via epipolar guid-
ance. Albeit, XDrive (Xie et al. 2025) is limited to single Li-
DAR scene generation. UniScene (Li et al. 2024) indirectly
enforces temporal consistency across sequential frames by
mediating cross-modal interactions through implicit condi-
tioning on 3D occupancy priors. Nevertheless, it exhibits
limitations in synthesizing high-fidelity objects.

In summary, current methodologies in LiDAR genera-
tion field predominantly focus on 3D scene generation with
coarse conditioning, neglecting the integration of complete



temporal coherence with fine-grained controllability. To the
best of our knowledge, DriveLiDAR4D is the first unified
framework to resolve the aforementioned limitations by in-
tegrating a equirectangular spatio-temporal diffusion model
with multimodal conditioning capabilities.

3 DriveLiDAR4D

Fig. 3 illustrates the pipeline of DriveLiDAR4D: During
training, we first derive the three multimodal conditions:
road sketches, scene captions and object priors. Then, Li-
DAR4DNet takes as input a sequence of noised equirect-
angular images, conditioned on the three multimodal con-
ditions, and predicts the added noises. During inference,
LiDAR4DNet reconstructs the sequence of equirectangular
images, again utilizing the three multimodal conditions. In
this section, we first detail the multimodal conditions and
then elaborate on the specifics of LIDAR4DNet.

3.1 Preliminary

Our method is based on diffusion models, and we briefly in-
troduce its principle in this section. We employ the denois-
ing diffusion probabilistic model (DDPM). In DDPM, a for-
ward diffusion process will gradually destroy a sample « by
adding Gaussian noise at each timestep t: x; = azx + €.
The variable x; will finally arrive at Gaussian distribution,
which can be written by

q(x|z) = N (s, o2 1), (1)
where «; and o, are hyperparameters that determine the
noise scheduling. We follow the a--cosine schedule (Saharia
et al. 2022) where a; = cos(nt/2), o = sin(nt/2). Conse-
quently, the intermediate transition process of variable from
timestep sto ¢ (0 < s < t < 1) can be formulated as

Q(wt|$s) ZN(aﬂsws,O’f‘sI), (2)
where oy, = a;/as, 0t2|s =07 — 05?\503-

A reverse diffusion process is used to denoise the sample
in the latent space, which can be represented as

p(ws‘mt) :N(iu’t(wit%z?-r)a (3)

where g1, (2, 2,) = ()02 /03) @i+ (,02, [o?)-@, 52
aflsag Jo?.

During training, with a noised sample x;, the model is
learning to estimate the unknown x via estimating « in (3).
Practically, we adopt e-prediction (Saharia et al. 2022) by
reparameterizing x as a function of x; and e. The loss func-
tion is denoted as

L=FEqyenory |lle— & t,c)|?], 4

where ¢ means conditions (will be described in Sec. 3).

Once the model is trained, we evaluate (3) iteratively as
t : 1 — 0 and the final sample is expected to approximate
the data distribution. We set the number of iterations as 256
in denoising process.
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Figure 2: Visualization of the multimodal conditions of an
example from the nuScenes dataset (Images have been re-
sized for better visualization).

3.2 Multimodal Conditions

Road Sketch: The road sketch incorporates road layouts and
object-specific information. Firstly, road layouts are delin-
eated through curbs and lane lines. This representation pro-
vides a pixel-to-pixel control of the spatial organization of
the road. Secondly, object-specific information is instanti-
ated as 3D bounding boxes, which encapsulate the size, lo-
cation, and heading direction of each object.

To integrate the two components into a unified represen-

tation, both the road layouts and 3D bounding boxes are pro-
jected onto the equirectangular image (will be detailed soon)
plane of the LiDAR sensor. This results in a road sketch that
has a same size as the input equirectangular image. Fig. 2 de-
picts an example of road sketch condition from the nuScenes
dataset.
Scene Caption: In addition to foreground control by road
sketches, we propose to use scene captions that provide
a comprehensive description of the background. Unfortu-
nately, existing LiDAR datasets lack high-quality scene cap-
tions: the KITTI-360 dataset (Liao, Xie, and Geiger 2022)
does not include scene captions, while the nuScenes dataset
(Caesar et al. 2020) provides only brief, one-sentence de-
scriptions of the weather or time of day. Therefore, we lever-
age capabilities of the powerful vision-language model GPT-
4V (Hurst et al. 2024) to generate detailed scene captions.
Specifically, we input the surrounding images into GPT-4V
and request descriptive text for the depicted scene. Fig. 2
depicts an example of the scene caption condition from the
nuScenes dataset. In this example, the scene caption encom-
passes not only the foreground object taxi”, but also the
background elements such as "trees” and “’grassy areas”.
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Figure 3: The pipeline of DriveLiDAR4D. We first derive multi-modal conditions, including road sketches, scene captions and
object priors from a given road scene (see Sec. 3.2). Then, the proposed LiDAR4DNet predicts the sequential noises based
on the multimodal conditions, where Equirectangular Spatial-Temporal Convolution (EST-Conv) and Equirectangular Spatial-
Temporal Convolution (EST-Trans) enforce spatial and temporal consistency (see Sec. 3.3 ).

Object Priors: In autonomous driving scenarios, LiDAR
measurements of different elements are often imbalanced;
for example, a vehicle may be represented by hundreds of
points, whereas the ground may encompass thousands. Dif-
fusion models typically attempt to approximate the entire
scene without addressing this imbalance, which can result
in suboptimal generation quality for objects. To mitigate this
issue, we propose initially synthesizing the point clouds of
objects, which then serve as a condition to guide the model
in generating the entire scene. The underlying intuition is
that while road sketches indicate the locations of objects,
the distribution of points for those objects is not adequately
guided. Incorporating synthetic object point clouds as priors
provides a stronger guidance during the denosing process.

We train an object generation model, DiT-3D (Mo
et al. 2023), conditioned on the object’s category,
size, polar coordinates relative to the LiDAR sensor,
and heading direction. We denote these conditions as
{category,l,w,h,p,0,p,®}. The object priors are ob-
tained by generating the point clouds of the objects using the
pretrained object generation model. We then project these
object points onto the equirectangular image plane of the
LiDAR sensor.

3.3 LiDAR4DNet

We follow (Nakashima and Kurazume 2024; Wu et al. 2024)
and adopt equirectangular representation due to its effi-
ciency in describing large scenes. A LiDAR sensor with
H x W spatial resolution captures range and reflectance
measurements at ¥ azimuth angles and [ elevation angles,
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resulting in an equirectangular image * € R2*7xW_ wWe
scale a range variable using d = log (d4+1)/1og (dpmax+1) and
subsequently normalize it to the range [—1, 1].

As is depicted in Fig. 3, the proposed LIDAR4DNet is a
UNet-like encoder-decoder model (Saharia et al. 2022), in-
corporating stacked Equirectangular Spatial-Temporal Con-
volution (EST-Conv) modules across four scales, along with
an Equirectangular Spatial-Temporal Transformer (EST-
Trans) module at the bottleneck.

EST-Conv: Research in RGB image generation has ex-
plored 3D convolutions for learning temporal features. How-
ever, equirectangular images possess distinct characteristics
compared to standard RGB images: 1) the pixel coordinates
(0, ¢) exhibit strong correlation with LiDAR data patterns
(e.g., regions that are in close proximity and are positioned
low tend to represent the ground), 2) the left and right bound-
aries of equirectangular images represent a continuous re-
gion in LiDAR measuring space (particularly for LiDAR
sensors with 360-degree horizontal field-of-view (FOV)),
and 3) the pixel value distribution differs significantly from
that of RGB images. The unique properties of equirectan-
gular images make the optimum solution for processing se-
quential equirectangular images unknown.

Therefore, we propose EST-Conv, a novel approach de-
signed to learn spatial and temporal features from equirect-
angular images. In EST-Conv, to enhance spatial consis-
tency, we leverage the correlation between pixel coordinates
and LiDAR measurements by extracting Fourier features
(Tancik et al. 2020) for each pixel coordinate (6, ¢) and con-
catenating these features with the input equirectangular im-



Venues KITTI-360 nuScenes
FRD| MMD'| ISD| | FRD) MMD']| ISD|
LiDARGen (Zyrianov, Zhu, and Wang 2022) | ECCV2022 | 2040.1 3.87 0.067 - 19.00 0.160
R2DM? (Nakashima and Kurazume 2024) ICRA2024 | 275.67 5.55 0.049 - - -
Text2LiDAR? (Wu et al. 2024) ECCV2024 | 831.64 4.36 0.044 - - -
RangeLDM? (Hu, Zhang, and Hu 2024) ECCV2024 | 2022.71 0.75 0.035 | 492.49 2.75 0.054
DriveLiDAR4D 244.25 3.31 0.042 | 210.55 1.84 0.045

1: MMD has been multiplied by 107
2: We reproduced the results with their released source codes.

Table 1: Unconditional generation results of different methods on the KITTI-360 test set and the nuScenes val split.

ages. The integration of Fourier features helps the model bet-
ter capture the underlying geometric patterns in LIDAR data.
Moreover, equirectangular images capture a 360-degree hor-
izontal field of view, implying that the left and right bound-
aries represent continuous 3D space. To better model this
spatial continuity, we replace standard zero-padding in 2D
convolutions with circular padding, enhancing feature learn-
ing across horizontal image boundaries. Sequential equirect-
angular features are expaned along the batch dimension
prior to being processed by 2D convolutional operations.

To enforce temporal consistency, we adopt 3D convolu-
tions to directly process sequential equirectangular features.
The unique geometry of equirectangular projections means
adjacent pixels may represent distant objects in 3D space.
Therefore, we implement 3D convolutions with small kernel
sizes (d=3, h=1, w=1). Finally, we employ an Alpha-blender
(Blattmann et al. 2023) to combine spatial and temporal
equirectangular features. The Alpha-blender can be written
asy = a-xg+(1—a)-xr, where «a is a learnable parameter,
x s and x are spatial and temporal features respectively.
EST-Trans: Convolutions efficiently process features with
progressively increasing receptive fields but exhibit limi-
tations in capturing long-range correlations. On the other
hand, attention mechanisms can effectively model long-
range dependencies, albeit with significant computational
overhead. To effectively model long-range dependencies, we
introduce EST-Trans and apply it exclusively at the bottle-
neck layer as illustrated in Fig. 3. We emperically found that
this design strike a good balance between performance and
efficiency. In EST-Trans, input sequences are stacked along
the batch dimension before applying spatial attention and
then expanded before applying temporal attention. Spatial
attention captures relationships across individual equirect-
angular images, while temporal attention facilitates feature
interactions among sequential equirectangular images. This
architecture minimizes computational costs while simulta-
neously improving both spatial and temporal consistency.
Injecting Multimodal Conditions: Due to the distinct char-
acteristics of the three conditioning types, we implement tai-
lored strategies for each. For road sketches, we employ chan-
nel concatenation due to their precise pixel-to-pixel corre-
spondence with equirectangular images. For object priors,
which may object involve shape transformations, we lever-
age ControlNet (Zhang, Rao, and Agrawala 2023) condi-
tioning strategy to provide enhanced learning capacity. For
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scene captions, in addition to applying cross-attention (Sa-
haria et al. 2022), we fuse timestep variables with captions
to prevent captions’ influence from being overshadowed by
the other two conditions. Additional architecture details are
provided in the supplementary materials.

4 Experimental Results

4.1 Experimental Settings

Datasets. We validated the effectiveness of DriveLiDAR4D
on the two real-world autonomous driving datasets, the
KITTI-360 (Liao, Xie, and Geiger 2022) and nuScenes
(Caesar et al. 2019) datasets. The KITTI-360 dataset fea-
tures a Velodyne-64E LiDAR with 64 beams and 360-degree
horizontal FOV. Following existing works (Nakashima and
Kurazume 2024; Wu et al. 2024), we designated sequences 0
and 1 as the test set (26367 frames) and utilized the remain-
ing sequences as training set (50348 frames). The nuScenes
dataset provides 32-beam LiDAR measurements with 360-
dergree horizontal FOV at 20Hz and keyframe annotations
at 2Hz. Following common practice (Gao et al. 2024), we
expanded the nuScenes bounding box labels to 12Hz and
adhered to the official training and validation dataset splits
(700 training scenes and 150 validation scenes), resulting in
165280 training samples and 35364 validation samples.

4.2 Unconditional LIDAR Scene Generation

We compare DriveLiDAR4D against SOTA LiDAR scene
generation methods, LiDARGen (Zyrianov, Zhu, and
Wang 2022), R2DM (Nakashima and Kurazume 2024),
Text2LiDAR(Wau et al. 2024), and RangeLDM (Hu, Zhang,
and Hu 2024). Tab. 1 illustrates the unconditional gener-
ation results on the KITTI-360 test set and the nuScenes
val split. It can be seen that DriveLiDAR4D achieves com-
parable generation quality than RangeLDM on the KITTI-
360 dataset, with superior FRD (Wu et al. 2024) and
slightly inferior MMD (Nakashima and Kurazume 2024)
and JSD (Nakashima and Kurazume 2024). However, Driv-
eLiDAR4D surpasses RangeLDM on the nuScenes dataset
in all three metrics, FRD, MMD, and JSD. Overall, these re-
sults demonstrates superiority of DriveLiDAR4D among all
compared methods.



Road  Scene 1

sketch  caption FRD|  MMD’] ISD|
Config A 210.55 1.84 0.045
Config B v 178.24 0.85 0.041
Config C v v 175.17 0.85 0.039

1: MMD has been multiplied by 107.

Table 2: Conditional generation results of DriveLiDAR4D
with different conditions on the nuScenes val split.

c) +Road sketch

d) +Road sketch +Scene caption

Figure 4: LiDAR scenes generated by DriveLiDAR4D with
different conditions on the nuScenes val split.

4.3 Conditional LiDAR Scene Generation

We examine the impacts of road sketch and scene cap-
tion conditions by training LiDAR4DNet with subsets of
the multimodal conditions. Tab. 2 presents results of Driv-
eLiDAR4D with different conditions on the nuScenes val
split. Obviously, the influence of road sketch conditioning is
particularly significant, yielding a 15.34% improvement in
FRD (from 210.55 to 178.24) and a 53.80% enhancement in
MMD (from 1.84 to 0.85) compared to unconditional gener-
ation. This is attributed to the precise information about the
road structure and the foreground objects embedded within
the road sketches. Scene captions contribute to further en-
hancing the realism of the generated point clouds by provid-
ing complementary contextual information.

Fig. 4 shows the qualitative comparison of the LiDAR
scenes generated by DriveLiDAR4D with different condi-
tions on the nuScenes val split. Without any conditioning,
the generated LiDAR scene lacks specific object structures

2530

(as shown in Fig. 4b). When conditioned solely on road
sketches (as shown in Fig. 4¢), DriveLiDAR4D successfully
controls object locations in the generated scene, though the
background area (red circle 1) is incomplete. Upon incorpo-
rating scene caption conditioning (shown in Fig. 4d), both
foreground objects (red circle 2) and background elements
(red circle 1) exhibit more complete structures, demonstrat-
ing the complementary benefits of this additional condition-
ing. This improvement stems from the comprehensive na-
ture of scene captions, which encapsulate both foreground
and background contextual information.

L = 2 = R T o

\ buildings ™\ buildings /7 grassy
; area with

\._/ trees

a) b) 0)

Figure 5: Visualization of fine-grained scene manipulation
of DriveLiDAR4D on the nuScenes val split. Top row: road
sketches. Bottom row: LiDAR scenes. a) GT scene, b) Gen-
erated scene with multimodal conditions, ¢) Generated scene
with edited multimodal conditions.

Furthermore, Fig. 5 demonstrates an example of fine-
grained manipulation of road elements in a generated Li-
DAR scene. In Fig. 5b, we re-simulated the real scene with
same multimodal conditions as those of GT scene, where
we can see that the generated scene closely align with GT
scene (e.g., see buildings). In Fig. 5c, we inserted an vehicle
and changed the background. This manipulation is achieved
through edited multimodal conditions comprising 1) addi-
tion of a 3D box to the road sketch, 2) extraction of he corre-
sponding object prior, and 3) modification of the scene cap-
tion from {... building ...} to {... grassy area with trees...}.
The resulting scene successfully incorporates these manipu-
lations while maintaining realism.

4.4 Sequential and Controllable LiDAR Scene

Generation
| MMD!| JSD| FRD| FVD|
LidarDM 2553  0.155 1800.18 28.48
UniScene 21.66  0.143 118294 21.04
DriveLiDAR4D 2.94 0.069 74313 16.96

1: MMD has been multiplied by 107.

Table 3: Sequential generation results of different methods
on the nuScenes val split.

We compare DriveLiDAR4D with the SOTA sequential
LiDAR generation methods, LidarDM (Zyrianov et al. 2024)
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Figure 6: Sequential LiDAR scenes generated by differ-
ent methods on the nuScenes val split. Note that Drivel-
iDAR4D generates sequences of 20 frames, of which we
present three representative frames for a clear comparison.
(Please refer to the supplementary material for more visual
comparisons.)

and UniScene (Li et al. 2024). UniScene is a joint RGB-
LiDAR generation approach, and we evaluate the quality
of its generated LiDAR scenes. It is important to note the
difference in sequence length capabilities: LidarDM and
UniScene generate sequences of 5 and 8 frames respectively,
whereas DriveLIDAR4D generates 20 frames at a time. The
FVD metric is computed using the the first 5 frames of all
the generated sequences to ensure a fair comparison.

Tab. 3 presents the results of different methods on the
nuScenes val split. It can be seen that DriveLiDAR4D
achieves lower FRD, MMD and JSD scores than LidarDM
and UniScene, indicating improved spatial fidelity and di-
versity in the generated scenes. In addition, DriveLiDAR4D
attains the lowest FVD (Li et al. 2024) score across the com-
paring methods, indicating superior temporal consistency in
the generated sequences .

Fig. 6 illustrates the qualitative comparison of the sequen-
tial LiDAR scene generated by different methods on the
nuScenes val split. It can be seen that the objects’ structures
are mostly broken in UniScene’s generated scenes, and the
objects’ locations diverges from the GT locations (as evi-
dent in the zoomed-in views). In contrast, Drive LIDAR4D
yields better objects structures and accurate locations, ben-
efiting from the rich information provided by multimodal
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EST-Conv EST-Trans | FRD| FVD|

Config A 318.05  29.50
Config B v 31138 17.28
Config C v v 29228 14.86

Table 4: Sequential generation results of DriveLiDAR4D
with different module configurations.

conditioning. Furthermore, DriveLiDAR4D exhibits better
temporal consistency with coherent vehicle representations
across frames, which is attributed to the EST-Conv and EST-
Trans components of LIDAR4DNet.

4.5 The Impact of Model Configuration

We study the impact of EST-Conv and EST-Trans of Li-
DAR4DNet by evaluating the following model configura-
tions: Config A refers to the model where we remove EST-
Trans in DriveLiDAR4D and replace EST-Conv with regular
2D Convolution blocks. Config B refers to the model where
we remove EST-Trans in DriveLiDAR4D. Config C is the
DriveLiDAR4D model.

By comparing Config A and Config B in Tab. 4, it is evi-
dent that the EST-Conv is critical in enhancing the temporal
consistency of the generated LiDAR scenes. By capturing
and correlating local features across consecutive frames, the
EST-Conv module enables the model to generate temporally
coherent and high-quality point clouds. Consequently, both
FRD and FVD scores are reduced. Furthermore, Config C
yields additional FRD and FVD improvements compared to
Config B, indicating that EST-Trans substantially enhances
spatio-temporal consistency in the generated point clouds.

4.6 Real-world 3D Object Detection Evaluation

| mAP1  GT Agg.!t

GT 0.804 100.0%
UniScene (Li et al. 2024) 0.078 9.7%

LidarDM (Zyrianov et al. 2024) 0.140 17.4%
DriveLiDAR4D w.o. object priors | 0.123 15.3%
DriveLiDAR4D 0.407 50.6%

1: GT Agg. denotes aggrements with mAP of GT.

Table 5: 3D object detection results on LiDAR scenes gen-
erated by different method on the nuScenes val split. (Please
refer to the supplementary material for a visualization of de-
tected objects.)

The accuracy of object localization and the fidelity of ob-
jects’ points are essential in real-world autonomous driving
scenarios, as these factors significantly impact the perfor-
mance of perception systems. Tab. 5 presents the 3D ob-
ject detection results for cars on LiDAR scenes generated
by different methods on the nuScenes val split. It can be ob-
served that UniScene and LidarDM only achieved a mAP
of 0.078 and 0.140, respectively, lagging significantly from



the results on the real-world GT data. In comparison, Driv-
eLiDAR4D achieves a mAP of 0.407, indicating strongest
agreement, 50.6%, with GT data. The ablated variant, Driv-
eLiDAR4D w.o. object priors, yields a mAP of 0.123, show-
ing that object priors plays an important role in enhancing
object-level fidelities. This is because object priors provide
direct and dense guide on objects’ point distributions.

5 Conclusion

In this paper, we introduce DriveLiDAR4D, a novel 4D Li-
DAR scene generation pipeline that incorporates three mul-
timodal conditions and a equirectangular spatial-temporal
noise prediction model, LIDAR4DNet. The multimodal con-
ditions enable precise scene manipulation, encompassing
both foreground objects, background elements and object-
level fidelity enhancement. Concurrently, LIDAR4DNet en-
sures spatial and temporal consistency in the generated se-
quential LiDAR scenes. We believe that the realistic 4D
LiDAR scenes generated by DriveLiDAR4D would con-
tribute significantly to the development and evaluation of
real-world autonomous driving systems.
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