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Fig. 1: This work introduces LaGen, a novel 4D LiDAR scene generation framework
that can autoregressively generate (a) long-horizon autonomous driving scenes based
solely on single-frame input. It is capable of generating high-fidelity LiDAR consistent
with the real world; (b) illustrates the visualization results from different viewpoints.

Abstract. Generative world models for autonomous driving (AD) are of
great value in applications such as data augmentation, closed-loop sim-
ulation, and safety-critical scenario evaluation. Unlike the widely stud-
ied image modality, in this work we explore generative world models
for LIDAR data. Existing generation methods for LIDAR predominantly
focus on single frame generation or lack the capacity for interactive sim-
ulation, while existing prediction approaches require multiple frames of
historical input and can only deterministically predict multiple frames
at once. Both paradigms fail to support long-horizon interactive gen-
eration. To this end, we introduce LaGen, which, to the best of our
knowledge is the first autoregressive framework capable of generating
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long-horizon LiDAR scenes in a frame-by-frame, interactive manner. La-
Gen is able to take a single-frame input as a starting point and effectively
utilize bounding box information as conditions to generate high-fidelity
4D scene. In addition, we introduce a scene decoupling estimation module
to enhance the model’s interactive generation capability for object-level
content, as well as a noise modulation module to mitigate error accumu-
lation during long-horizon generation. We extensively evaluate LaGen’s
performance in controlled data generation and long-horizon scene genera-
tion on the nuScenes dataset. The experimental results demonstrate that
LaGen achieves state-of-the-art performance, especially on later frames.
The code is publicly available at: https://github.com/szzhou88/LaGen.

Keywords: Autonomous driving - World models - Scene generation

1 Introduction

In recent years, autonomous systems have attracted increasing attention in both
academia and industry. LIDAR is one of the key sensors in various autonomous
systems. It provides precise and rich geometric information about the surround-
ing environment [5,27,[28,/68,/70] and has been widely applied across a range
of fields [37,/50,53}|54[61}/73]. Unlike the extensively studied image modality,
research on LiDAR is still limited. Existing studies have focused on two main
directions: one is generating high-quality LiDAR data [40,/67}/76] to reduce the
high cost of real-world acquisition [38,66], and the other is predicting LiDAR
data [23[|63L/64] to support decision-making in autonomous systems.

However, these research directions encounter substantial limitations in practi-
cal applications. Most existing works on LiDAR generation predominantly focus
on learning the data distribution within a dataset, enabling them to synthesize
only non-sequential, single LIDAR point clouds. Recent work has explored the
generation of 4D LiDAR scenes |[26,/32,/41], but it lacks interactivity, is not
suitable for long-horizon tasks, and cannot be used for closed-loop autonomous
driving simulation. For LIDAR prediction tasks, with the rise of end-to-end au-
tonomous driving (E2E-AD) [18,121,|62], current methods are confronted with
the following fundamental challenges:

1) Prediction requires multiple frames of historical scene data; however, in closed-
loop simulation [6,8[20,{47], only the initial frame is available;

2) These methods are limited to predicting LIDAR scenes along a predetermined
trajectory, while the ego vehicle may generate varying trajectories based on
different decision-making.

3) They cannot accurately predict LIDAR over long temporal horizons, as they
are limited by fixed historical inputs.

To address these challenges, we explore LiDAR-based generative world mod-
els and propose LaGen. LaGen is an autoregressive generation framework capa-
ble of producing high-fidelity, long-horizon LiDAR scenes on a frame-by-frame
basis (see Figure . Specifically, we first utilize spherical projection to convert
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the three-dimensional LiDAR data into a more compact form: a range image.
Next, we construct a LIDAR data generator based on the Latent Diffusion Model
(LDM) [51], and guide the diffusion process using multiple control conditions.
To further enhance the spatiotemporal consistency of the entire generative
framework, we also introduce the following carefully designed strategies:

1) To improve the spatial consistency, we introduce a Scene Decoupling Esti-
mation (SDE) module. It decouples the LiDAR scene into foreground (static
and dynamic objects) and background, and estimates the foreground and
background of the current frame based on the currentscene state informa-
tion. This provides the model with object-level estimations of current scene,
thereby enhancing the model’s interactive generation capability.

2) To enhance the temporal consistency, we introduce a Noise Modulation (NM)
module designed to alleviate error accumulation. This is because the autore-
gressive paradigm suffers from a train-inference mismatch; during inference,
errors in the generated samples accumulate over longer temporal horizons.
The proposed module injects noise into the conditional features containing in-
formation from the previous frame, thereby reducing the model’s over-reliance
on prior frames and enabling it to better adapt to imperfect conditions.

We compare LaGen with state-of-the-art LiDAR generation models on the
nuScenes dataset. The experimental results show that our method has clear
advantages in generating high-fidelity LiDAR point clouds and temporally con-
sistent LiDAR scenes over long horizons. Furthermore, we apply LaGen to down-
stream prediction tasks to further validate its performance in long-horizon gen-
eration. Experimental results indicate that LaGen can accurately generate long-
horizon LiDAR scenes using only a single-frame historical input. It is noteworthy
that our autoregressive framework further enables autonomous systems to incor-
porate decisions made at each time step into the generation of future predictions,
thereby naturally supporting interactive world simulation.

In summary, our contributions are as follows:

— We propose LaGen, which is the first autoregressive framework capable of
generating high-fidelity, long-horizon LiDAR scenes with interactivity;

— We meticulously design a control condition feature encoder to guide the gener-
ation process, and propose a scene decoupling estimation module and a noise
modulation module, which effectively enhance the model’s performance in in-
teractive scene-detail generation and long-horizon autoregressive generation;

— We thoroughly evaluate LaGen’s performance in generating high-fidelity Li-
DAR data and temporally consistent 4D LiDAR scenes on the nuscenes dataset
to demonstrate the advantages of our method, and further assess its perfor-
mance on long-horizon prediction tasks.

2 Related Work

Generative Models. Generative models aim to learn the underlying data dis-
tribution and generate novel samples. Generative Adversarial Networks (GANS)
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Fig. 2: Overview of the LaGen framework. It first obtains estimates of the current
frame’s foreground and background point clouds via the Scene Decoupling Estimation
(SDE) module. Subsequently, all three-dimensional information is projected to the two-
dimensional range image space via spherical mapping. These range-view representations
are then processed by a pretrained VAE and a noise modulation (NM) module, before
being passed to the U-net network to generate the LiDAR scene for the current frame.
Afterward, the current generated scene is iteratively used as the input to the model,
thereby completing the autoregressive process.

[11] are a prominent example. GANs alternately train a pair of competing net-
works, the generator and the discriminator, to minimize the adversarial objec-
tive. However, GANs often suffer from unstable training dynamics. Diffusion
models (DMs) [55] have shown outstanding performance in the field of image
synthesis. Mainstream diffusion models include score-based models [57H59] and
Denoising Diffusion Probabilistic Models (DDPM) |[14,[24}43,|52]. They enable
stable training using simple objective functions, addressing challenges associated
with GANs. Recently, Latent Diffusion Models (LDMs) [51] have been proposed.
They perform the diffusion process in the latent space, greatly improving gen-
eration efficiency. They have also enabled significant advances in multimodal
conditional generation [42,48)74].

LiDAR Data Generation. Generating LiDAR point clouds is a 3D data gen-
eration task. Caccia et al. [1] were the first to represent LIDAR data as range
images and employed Variational Autoencoders (VAEs) |25] and Generative Ad-
versarial Networks (GANs) [11] for generation. Subsequently, LIDARGen [76]
introduced a score-based LIDAR, data generation model. UltraLiDAR [67] vox-
elizes LIDAR point clouds and employs VQ-VAE [71] for generation. LiDM [49]
separately generates scenes, objects, and trajectories, and simulates ray casting
to produce point clouds. R2DM [40], based on Denoising Diffusion Probabilistic
Models (DDPMs) [56], further improves the fidelity of generated point clouds.
RangeL. DM |16 introduces a range-guided discriminator, enabling fast genera-
tion through a latent diffusion model. La La LiDAR [35] introduces a large-scale,
layout-guided LiDAR generation model. However, most of these frameworks are
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only capable of generating isolated single-frame LiDAR data. Genesis [13] intro-
duces a unified framework for the joint generation of driving videos and LiDAR
sequences. DriveLiDARAD |[3| incorporates three modalities of conditional in-
puts, namely road sketches, scene descriptions, and object priors, which further
enhance the quality of the generated results. UniScene [26] leverages occupancy
as an intermediate representation to generate continuous LiDAR data, thereby
reducing the complexity of scene synthesis. OpenDWM |41 is built upon the DiT
(Diffusion Transformer) architecture for video generation and has been extended
to the domain of LiDAR scenes. LIDARCrafter |32|, parses natural language
inputs into scene graphs to guide the generation process. It also explores the
autoregressive genration, but it generates future trajectories and control condi-
tions in a one-shot manner based on initial semantics, lacking interactivity and
cannot be used for closed-loop simulation. In addition, LaGen is primarily based
on bounding box conditions, without utilizing natural language information.

LiDAR Data Forecasting. Point cloud prediction [39}63-65] is a fundamental
self-supervised task in autonomous driving, where multiple frames of historical
point clouds are used as input to predict future point clouds. Early work pre-
dicted future point cloud sequences by predicting scene flow [34,72]. Recent
studies have started to directly predict from raw point cloud data |36}/44.63.64].
4D-Occ [23] predicts point clouds from the perspective of geometric occupancy
prediction, which further improves prediction accuracy. ViDAR [69] focuses on
visual point cloud prediction, using historical images to forecast future point
clouds, which improves its performance in downstream applications to some ex-
tent. These frameworks typically require multiple frames of historical input, yet
still cannot accurately predict long-horizon LiDAR scenes and lack interactivity.

3 Method

3.1 Preliminaries

Range Image: A Compact Representation for LIDAR Data. Range im-
ages offer a compact representation of LiDAR data by parametrizing unstruc-
tured point clouds in 3D space into a 2D pixel space. Specifically, for a point
p = (z,y, 2) € R3 in Cartesian coordinates, it is transformed to the spherical co-
ordinates (r, 6, ¢) via spherical projection. We adopt the corrected range image
representation [16] as follows:

=422 +y* + (2 — hy)?,
0 = arctan(y,x), ¢ = ¢;,
where r denotes the depth value, 6 is the azimuth angle, ¢ is the elevation angle,
h; and ¢; denote the sensor height and elevation angle estimated by Hough

voting. Next, we convert the spherical coordinates (r, 6, ¢) into pixel coordinates
(u,v) of the range image using the equations:

(1)

u=W—((0+m)/2m)-W, v=H—j (2)
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where W and H are the width and height of the image in pixels. Finally, we
normalize the depth and intensity values of the point cloud to obtain a two-
channel range image I.

Latent Diffusion Model for LIDAR Generation. We employ the Latent Dif-
fusion Model [51] for LiDAR data generation. LDM consists of two components:
a VAE and a 2D UNet. The VAE encodes the input range image I € RH>*Wx2
into a latent representation 2 € R"*®X¢ The decoder then takes latent % as
input and generates the reconstructed range image I € REXWx2,

During the diffusion process, noise is progressively added to the initial latent
zo to obtain noisy latent z;, with the noise level increasing as the timestep
t € {1,2,...,T} advances. The UNet is trained to predict the noise added to
the latent feature 2. The training loss of the LDM is defined as:

Luon = Ecenonseuio.mre |l = eo (it )] (3)

where z; denotes the noisy latent at timestep ¢, ¢y is the noise prediction network
to be trained, and c is the encoded conditional information. During inference,
LDM generates range images by iteratively removing the noise predicted by
UNet from randomly sampled Gaussian noise over 1" steps.

3.2 Overall Framework

Given the first frame of LIDAR data for a driving scenario P° € RY OX4, our ob-
jective is to recursively generate subsequent LiDAR frames P*? fors =1,2,...,.5,
in accordance with the actual motion of the ego-vehicle.

In autonomous driving simulators,
the following information for each
frame of the driving scenario can be
tracked [20/22]:

I\—

Cross
Attention —

— 3D bounding boxes and semantic
labels of the previous and current
frames: B* = {(b;,¢;)}Yt,, where  soeouspu:
bi = (5,Y,2)3=1 € R®*? denotes H B
the bounding boxes of dynamic —
and static objects (such as vehicles, n
pedestrians, and obstacles) within a H B
predefined range, and ¢; € Cpoy 15 Current Generated
the associated semantic category.

— Ego states: E° = {Eego, Etrans}, Fig.3: The main architecture of the high-
where FEgg, includes ego-vehicle quality LiDAR data generator.
speed, acceleration and steering an-
gle information, while E},.,s is the
transformation matrix from the ego-vehicle to the global coordinate frame.

It should be noted that the bounding boxes of the current frame are not future
information; rather, they are produced by the simulator based on the action from
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the previous frame. Accordingly, at each step of the generation process, we aim
to generate the current LiIDAR frame based solely on the previous frame, while
incorporating 3D bounding box information and ego-vehicle states. The pipeline
of LaGen is shown in Figure

3.3 Strongly Spatiotemporally Consistent LIDAR Scene Generator
and Inference Framework

In this section, we present the design details of the generator and inference frame-
work for LaGen. We construct the core generative architecture based on LDMs
and implement conditional control via meticulously designed scene information
encoders (see Figure [3). Furthermore, two crucial modules are introduced to
bolster the spatial-temporal consistency of the overall framework.

3.3.1. Multimodal Conditional Feature Encoder

Previous Frame’s LiDAR Data. Using the previous frame’s LiDAR point
cloud P5=1 € RN" %4 a5 one of the control conditions in the generation process
is crucial for endowing the generator with autoregressive inference capability.
To incorporate previous frame information into the denoising process, we first
convert the 3D point cloud P*~! into a 2D range image I°~1 € R2XH*W yging
Equation . The variational autoencoder then projects I°~! into the latent
space as a latent variable 2571 € Rexhxw,
We can perform the following computation:

EseTl = (Eggo2glb ’ Eigi2ego)_1 ’ (Egg_012g1b ’ Elsi2_elgo)7 (4)
to obtain the transformation matrix Erscfl € R**4, which represents the coor-
dinate transformation from the previous frame’s LiDAR sensor to the current

) : s—1 s :
frame’s LiDAR sensor. Here, Eeoam and E7, o, are the transformation ma-

trices from the ego-vehicle to the global coordinate system, while Elsi;e{go, Efoego
denote the transformation matrices from the LiDAR sensor to the ego-vehicle.
Next, we apply a Feature-wise Linear Modulation (FiLM) [46] layer to adjust
the latent feature z°~! of the previous frame’s LIDAR dat:

2571 = FiLM(2*~', MLP(Flatten(E?}} .. ))), (5)
and inject it into the latent diffusion process of the model.
Object-Level 3D Bounding Box Projection. 3D bounding box information
is one of the most important cues in autonomous driving scenarios. To fully
exploit this information, we first extract the four corner vertices of b; that are
closest to the ground and perform pairwise interpolation between these vertices
to obtain a point cloud b; that encloses the object region. Next, according to
the semantic label ¢;, we using Equation to project point clouds of different
classes into range image binary masks Mp € RP*HXW where D denotes the
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number of categories. Then, we encode these masks into latent features Hp €
RY*D in the latent space using an object-level mask encoder &, qsk-

Subsequently, we inject Hp into multiple layers of the UNet via a cross-
attention mechanism:

g=H, k=HJ", v=Hg", (6)

where ¢, k, v denote the query, key, and value in the cross-attention layer, H
represents the features of the intermediate layer, and Hg™, Hy " are the features
of bounding box projections for the current and previous frames.

Ego States. We first encode the ego vehicle state Eog, and Eirans into compact
vector representations. These representations are then embedded via a timestep
embedding module to capture both temporal and geometric transition informa-
tion. After a nonlinear projection, the resulting embedding is converted into a
single conditional token, which is injected into each level of the U-Net via a
cross-attention mechanism.

3.3.2. Scene Decoupling Estimation

Having established the basic framework for LIDAR data generation conditioned
on multiple control conditions, we further design a Scene Decoupling Estimation
(SDE) module to improve the quality of generated details (see Figure [4]). The
design is described in detail below.

For the previous frame LiDAR point cloud P*~1 € RY o x4 we decouple it
into foreground and background components based on its associated bounding
box information B*~!. The foreground point cloud Plfgjl consists of all points in
P51 that fall within any of the bounding boxes:

P;gjl ={pi;},i € {1,2,...,D},5 € {1,2,..., K;}, (7)

where p;; denotes the set of points
within the j-th bounding box of the

i-th category, D is the total num- el
ber of semantic categories of bound- ﬂ m—

ing boxes, and K; is the total num- ‘| ecoupling I -E- Seaen Wil
ber of bounding boxes in category B "- H_a:,a g
1. The background point cloud Psg ! 1T

Previous Scene *_Previous Foreground Current Bounding Box

is defined as the set of all points in

[] Decoupling Match and Merge

Ps~! that lie outside the bounding = — \
boxes. For each pj; ', we first adjust ss Y B

the viewpoint of the point cloud ac- Transtommafion W* oo K
cording to the coordinate transforma- 7T — j‘

tion matrix of the sensor between the 5 i

Previous Background . Estimated Background i Foreground”

two frames:
~s—1 -1 rs—1 Fig. 4: The schematic diagram of scene de-
=4 = trans(PS ', E , 8 g g
Pij ( K el ) (8) coupling estimation module.
To estimate the position of p;; in the
current-frame scene, we first compute the centers C’fj_l and C}; of all bounding
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boxes in the two adjacent frames. For each bounding box bj; in the current
scene, we search among the bounding boxes of the same semantic category in
the previous frame for the one whose center is nearest to ij, denoted as bfj71.
Thus, we can obtain an estimate for each foreground object point cloud pj;:

Py =05 +(Ch = C5 ), ief{l,2,.., D} (9)
Then, we aggregate all p;; to obtain an estimate ﬁcfbj of the foreground point
cloud P ; in the current scene.
As the background estimation is performed in the ego-centric LIDAR coor-
dinate system, the background point cloud is estimated as follows:

rotate

P, =trans(Pi; ", Bigiare)- (10)

Finally, we project both ﬁjbj and ﬁgg into the range-view space and encode them
using the VAE, after which the resulting features are injected into the diffusion
process.

Compared with directly providing bounding box location information, the
SDE module better captures object-level details. Mask information from bound-
ing boxes only provides the model with a coarse understanding of each object’s
location within the scene, whereas SDE enables the model to better capture
the detailed point distribution of each object. For a more detailed theoretical
analysis of this module, please refer to the supplementary materials.

3.3.3. Noise Modulation Module and Error Accumulation Mitigation

Autoregressive generation, which relies on information from the previous frame,
often leads to a train-inference discrepancy. Specifically, during training, the
previous data is always ground truth, whereas during inference, it is generated
by the model and inevitably contains some error compared to the real data.
As the recursive generation continues,
these errors can accumulate, resulting
in deviations from the actual situation Frame1 Frome2 Frame 3 Frame T
when generating long-horizon data. — oo
To this end, we design a module to : 1 " 1 t 1
mitigate error accumulation and en-
hance temporal consistency in long-
horizon generation. The core idea of

- . _ :

t ;

Latent Estimation - Noise Est. - - :
;

;

this module is to inject different lev- ' - e ¢

els of random noise into the previous e O “ml e
frame’s image [417], thereby reducing T e e
the model’s over-reliance on it. Fig.5: The schematic diagram of noise

As shown in Figure we add modulation module.

Gaussian noise with varying intensi-

ties to the latent feature 2°~! corre-
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sponding to the previous frame’s LiDAR point cloud:
Fl=ya, 2 e VI—a, e (11)

where € ~ A(0,1) is randomly sampled Gaussian noise, and n € U0, N]| is the
noise level. Similarly, we inject noise to the encoded features of ]Sosbj and ]Slfg-

This strategy ensures better spatiotemporal consistency for the model when
inferring long-horizon scenes, while only causing minor impact on short-horizon
generation. In the supplementary materials, we have provided a more detailed
theoretical analysis of this module.

Upon integrating the two aforementioned modules into the overall architec-
ture, we develop an inference framework for autoregressive LIDAR scene genera-
tion (see Figure. In this process, the input LIDAR data is generated iteratively;
in other words, the LiDAR data input at the current step is the output from the
generator at the preceding step. In the inference process, the output of the SDE
module is also generated iteratively. Consistent with the training phase, during
inference the NM module also adds noise into the latent variables corresponding
to these data.

4 Experiments

4.1 Experimental Setups

Dateset. We conducted experiments on the large-scale public nuScenes dataset
[2]. It contains 1,000 autonomous driving sequences collected from the Boston
and Singapore regions. These two cities are known for their dense traffic and
highly challenging driving conditions. The nuScenes training set contains 297,737
LiDAR scans, while the validation set contains 52,423 LiDAR scans, with each
LiDAR scan comprising 32 beams. This dataset is widely used for various tasks
in autonomous driving, including but not limited to 3D object detection |19}
29-31], multi-object tracking |15/45,/75], trajectory prediction [1233], semantic
occupancy prediction [60], and open-loop planning for end-to-end autonomous
driving [17}/18,/21]. To verify the cross-dataset generalization ability of LaGen,
we further conducted additional experiments on the denser-beam KITTI-360
dataset [10]. Unlike the nuScenes dataset, each LiDAR scan in the KITTI-360
dataset contains 64 beams.

Baselines. We compare LaGen with three categories of baseline methods. The
first category consists of traditional LiDAR data generation approaches, includ-
ing LiDARGen [76], LiDM [49], and RangeLDM |[16], with which we compare
generation fidelity. The second category includes methods capable of generat-
ing temporally coherent scenes, such as UniScene [26], OpenDWM |41], and
LiDARCrafter [32]. In addition to comparing generation fidelity, we further eval-
uate temporal consistency metrics for each generated LiDAR frame. The third
category comprises LiDAR prediction methods, including 4D-Occ 23| and Vi-
DAR [69], against which we conduct comprehensive comparisons on prediction-
related metrics in long-horizon forecasting tasks.
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Fig. 6: Qualitative results. Based on single-frame input, LaGen significantly out-
performs other baseline methods in long-horizon prediction accuracy.

Evaluation Metrics. We introduce multiple types of metrics to evaluate the
fidelity and spatiotemporal consistency of the generated results. For evaluating
the performance of the generator, we follow the approach in |76] and use two
metrics: Maximum Mean Discrepancy (MMD) and Jensen-Shannon Divergence
(JSD). Following LiDARCrafter [32], we employ TTCE and CTC as key metrics
to assess the temporal consistency of our LIDAR sequence synthesis. We also use
the Chamfer Distance (CD) [9] along with two additional error metrics based on
ray depth, which quantify the difference between the generated point cloud for
each frame and the corresponding ground truth in the driving scenario.
Implementation Details. During training, our model is trained for 200 epochs
with a total of 176,000 optimization steps, the learning rate is le-4. We adopt
the DDIM sampler [56] for denoising during training, with the total number
of diffusion timesteps T" set to 1024. The UNet consists of three downsampling
blocks (with the latter two containing Transformer layers) and three upsampling
blocks (with the first two containing Transformer layers). During the inference
process, we perform 50 denoising steps to generate point clouds.

For more detailed descriptions of the metric computation, as well as the
specific experimental configurations, please refer to the supplementary material.

4.2 LiDAR Data Generation

An important component of our approach is the LIDAR data generator, as the
quality of its generated samples plays a crucial role in the overall framework
performance. Table [I|and Table [2| present the quantitative results of LaGen and
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Table 1: The main quantitative results of LaGen and several baseline models on the
Nuscenes dataset. MMD values are reported in 10~* and JSD in 1072.

| Method | Venue MMD | JSD |
2| LiDARGen [76] |ECCV'22  5.89 9.66
g | LiDM [49) CVPR24  3.32 6.75
5| RangeLDM [16] |ECCV'24  1.92 5.47
| UniScene |26 CVPR’25 240 10.80
g| OpenDWM [41] | CVPR'25 221 5.54
S| DriveLiDAR4D [3] | AAAT'26  1.84 4.50
LiDARCrafter [32] | AAAT'26  1.52 5.43
LaGen = 0.11 2.77

Table 2: The main quantitative results of LaGen and several baseline models on the
KITTI-360 dataset. MMD values are reported in 10™* and JSD in 1072.

Method | Venue MMD| JSD, FRD| FPD|
LiDARGen [76] | ECCV'22  13.36  13.67 241523 102.80
LiDM [49] CVPR24 19.00 9.31  2894.65 253.91
OpenDWM [11] | CVPR'25  14.63  12.93 1966.36 436.17
LaGen - 1.41 5.75 1109.83 73.50

several LiDAR generation baselines on the nuScenes and KITTI-360 datasets,
respectively. The experimental results show that LaGen outperforms these ad-
vanced baselines on several key metrics for LIDAR data generation. In addi-
tion, using a subset of valid 3D bounding boxes from the nuScenes dataset, we
further investigate the performance of LaGen on the downstream task and its
object-level generation quality, as shown in Table [3] and Table ] These results
demonstrate that LaGen can effectively generate high-fidelity LiDAR data.

4.3 Temporal LIDAR Scene Generation

In this subsection, we evaluate the performance of LaGen in generating sequen-
tial LIDAR scenes. Following the metrics established in LiDARCrafter [32], we
conduct a comprehensive assessment of various methods across the dimension of
temporal consistency, as summarized in Table [f] The results demonstrate that
LaGen achieves a significant improvement in the CTC metric while maintain-
ing a substantial advantage in terms of TTCE. In particular, LaGen can not
only effectively generate long-sequence LiDAR scenes, but also maintain strong
performance over extended generation horizons.

4.4 Long-Horizon Prediction

To further validate the long-horizon autoregressive performance of LaGen on
other tasks, we designed two distinct modes and conducted experiments on pre-
dictive tasks. Specifically, we evaluate two variants: 1) a box-free LaGen base-
line to assess the model’s mastery of underlying scene dynamics, and 2) the
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Table 3: Results on the down- Table 4: Evaluation results on the quality of objects
stream 3D object detection from all categories and selected categories in the gen-
task on the nuScenes dataset. erated LIDAR scenes on the nuScenes dataset.

Method | mAPt NDSt Method \ Car | Pedestrian | All Objects
CD| EMD || CD| EMD /|| CD | EMD
UniScene |26, 0.51 0.47 TiDM [0 ‘ v 4 v 4 ! !
: e iDM [49 3563 3.763 | 0701  0.663 | 3.236  4.241
OpenDWM |41]. 045 0.47 UniScene [20] 1316 1419 | 0.237 0.358 | 0.939  1.245
LiDARCrafter (32| | 0.41 0.41 LiDARCrafter [32] | 3.657  2.581 | 0.636  0.557 | 3.347  3.517
LaGen 0.52  0.49 LaGen 1.251  0.986 | 0.123 0.129 | 0.855 0.822

Table 5: The quantitative results on temporal consistency for 4D LiDAR generation,

primarily evaluated using the TTCE and

CTC metrics.

Method Venue TTCE! CTCl

3 4 1 2 3 4 10
UniScene |26 CVPR'25 | 2.74 3.69 | 0.90 1.84 3.64 3.90 -
OpenDWM [41 CVPR’25| 2.68 3.65 | 1.02 2.02 3.37 5.05 -

OpenDWM-DIT 41| | CVPR’25 | 2.71

LiDARCrafter [32] | AAAT'26 | 2.65

3.66 | 0.89 1.79 3.06 4.64 -
3.56 | 1.12 238 3.02 4.1 -

LaGen ‘ — 2.71

3.62| 0.60 0.97 1.46 2.22 3.84

full LaGen framework to demonstrate how integrating current feedback bolsters
accuracy in long-term autoregressive forecasting. We have provided the results
of several state-of-the-art predictive models for reference, as shown in Table [6]
These results validate that LaGen yields outstanding performance under a pre-
dictive paradigm more conducive to practical deployment (see Figure @

4.5 Editability and Interactive Generation

In this subsection, we demonstrate
LaGen’s interactive generation ca-
pabilities. Since it generates scenes
frame by frame, we can edit the po-
sitions of objects in the scene at
any intermediate frame. In Figure
we illustrate interactive generation
by moving or removing a bound-
ing box corresponding to a vehicle.
We observe that after moving the
other vehicle, LaGen accurately re-
store the occlusion effects caused by
the object’s new position. Addition-
ally, when the vehicle is removed, La-
Gen successfully completes the pre-
viously occluded portions of the road
during standard generation. The in-

Moving Bounding Box =~ Removing Bounding Box

Fig. 7: Visualization of object-level editing.

teractivity of LaGen in autoregressive generation represents a significant ad-
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Table 6: Comparison of LaGen with several state-of-the-art LIDAR prediction models.
The underlined data represents the results obtained by introducing rolling inference on
the original 4D-Occ model. ViDAR requires visual inputs during prediction.

Input | Chamfer Distance (m?)} | L1 Error (m) | | Absrel (%)
Method

frames | 0.5s 1.5s 3.5s 5.5s 7.58 9.5s 0.5s 1.5s 3.58 5.58 T7.5s 9.5s ‘ 0.5s 1.5s 3.58 5.5s 7.5s 9.5s
4D-Occ 23] 2 1.15 1.84 430 1230 25.11 5547 | 1.24 2.04 341 487 7.07 9.95 | 888 14.82 2536 40.14 56.24 67.37
4D-Occ 23‘ 6 1.10 1.33 241 7.73 12.82 21.08 1.23 1.62 2.60 348 4.74 6.49 8.41 12.15 2216 29.20 35.78 39.50
ViDAR 69| 2 1.15 156 250 379 518 6.37 | 238 270 334 424 540 6.06 1629 1996 27.34 36.25 48.61 54.13
ViDAR [69] 6 1.14 1.47 230 325 412 5.06 | 215 260 3.06 3.49 3.91 4.42 | 1798 20.57 25.87 30.18 33.77 38.34
Ours(w/o BBox) 1 ‘ 0.65 0.93 1.44 1.98 239 2.78 ‘ 0.14 0.20 0.26 0.31 0.36 0.40 ‘ 2.15 2.66 3.23 3.73 4.22 4.42
Ours(w/ BBDX) 1 ‘ 0.50 0.72 1.25 1.69 2.09 2.34 ‘ 0.13 0.18 0.24 0.28 0.30 0.32 ‘ 2.04 2.47 3.03 3.40 3.63 3.61

Table 7: The ablation results on the scene Table 8: The ablation results on the noise
decoupling estimation module of LaGen. modulation module of LaGen.

cTc) | Chamfer Distance (m?))

‘ ‘ CTC| ‘ Chamfer Distance (m?)}
LaGen LaGen

1 2 3 4 ‘ 0.5s 1.0s 2.0s 4.0s 6.0s 8.0s 1 2 3 4 ‘ 4.0s 5.0s 6.0s 7.0s 8.0s 9.0s
w/oSDE | 0.71 1.15 1.66 249 | 0.56 0.66 0.95 142 187 223 w/o NM ‘ 0.73 121 1.73 277|138 1.79 2.09 250 282 3.16

w/ SDE |0.60 0.97 1.46 2.22|0.50 0.61 0.83 1.36 1.80 2.16 w/NM 0.60 0.97 1.46 2.22|1.36 1.66 1.80 2.02 2.16 2.25

vancement, enabling it to generate more realistic 4D scenes according to changes
in the external environment. Moreover, this framework naturally supports di-
verse LiDAR scene generation, as different possible outcomes can be achieved
via stochastic or user-defined editing.

4.6 Ablation Study

We perform ablation studies to evaluate the contributions of the scene decoupling
estimation and the noise modulation modules. As shown in Table [7] the SDE
module effectively enhances temporal consistency between consecutive frames
during scene generation. In addition, it improves the accuracy of long-horizon
autoregressive tasks to a certain extent. Table[§]demonstrates that the NM mod-
ule enhances temporal consistency and markedly alleviates error accumulation
in long-horizon LiDAR scene generation, with increasingly significant improve-
ments over extended time horizons.

We also investigate the impact of different denoising steps during inference
on both accuracy and latency (see Table E[) As the number of denoising steps
increases, the performance on long-horizon generation tasks improves to some
degree, at the cost of increased average inference time per frame. Notably, the
marginal performance gains decrease as the number of denoising steps becomes
larger. When near-real-time inference performance is required, we can choose
a smaller number of denoising steps. As shown in Table [9] using fewer denois-
ing steps can substantially improve inference speed while only slightly affecting
model performance. Finally, we conducted ablation experiments at the inference
stage by randomly perturbing and dropping the bounding box information to
evaluate the robustness of the model; see the supplementary material for details.
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Table 9: The ablation results of LaGen on the number of denoising steps and the
corresponding time consumption during inference.

Denoising Chamfer Distance (m?) Time

Steps 0.5s 1.0s 3.0s 5.0s 7.0s 9.5s (s/frame)

10 0.64 0.79 1.44 2.12 2.35 2.60 0.21
30 0.52 0.64 1.16 1.83 2.09 2.41 0.33
50 0.50 0.61 1.11 1.66 2.02 2.34 0.43

100 0.50 0.59 1.06 1.72 2.12 2.31 0.73
200 0.50 0.59 1.03 1.51 2.10 2.20 1.44

4.7 Limitation and Discussion

LaGen still has the following limitations. First, LaGen mainly targets common
single-return spinning mechanical LiDAR and does not explicitly model multi-
return LiDAR sensors. Since multiple returns still lie along the same ray, a
possible future extension to this setting would be to assign a separate depth
channel for each return in the range-view representation. For non-spinning Li-
DAR, new representations of LiDAR scenes need to be further explored. Sec-
ond, in the SDE module, to ensure consistency across different task settings, we
adopt a nearest-distance-based search mechanism. However, in crowded scenes
with multiple objects of the same category, this may affect the effectiveness of
the module to some extent. In the future, tracklets could be used in simulation
tasks to match object boxes across adjacent frames.

5 Conclusion

We propose LaGen, a novel framework capable of autoregressively generating
long-horizon LiDAR scenes in a frame-by-frame manner. We develop a LiDAR
data generator conditioned on multiple control conditions within the driving sce-
nario. We further enhance the spatiotemporal consistency of generation through
the scene decoupling estimation module and the noise modulation module. We
thoroughly evaluate the performance of LaGen on the nuScenes and KITTI-360
datasets. The experimental results demonstrate the effectiveness of this frame-
work and its advantages in long-horizon generation tasks. In the future, we expect
LaGen to play an important role in applications such as closed-loop simulation
and world modeling, thereby advancing the development of autonomous driving.
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