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Abstract

To enhance autonomous driving safety in complex scenar-
ios, various methods have been proposed to simulate LiDAR
point cloud data. Nevertheless, these methods often face chal-
lenges in producing high-quality, diverse, and controllable
foreground objects. To address the needs of object-aware
tasks in 3D perception, we introduce OLiDM, a novel frame-
work capable of generating high-fidelity LiDAR data at both
the object and the scene levels. OLiDM consists of two piv-
otal components: the Object-Scene Progressive Generation
(OPG) module and the Object Semantic Alignment (OSA)
module. OPG adapts to user-specific prompts to generate de-
sired foreground objects, which are subsequently employed
as conditions in scene generation, ensuring controllable out-
puts at both the object and scene levels. This also facilitates
the association of user-defined object-level annotations with
the generated LiDAR scenes. Moreover, OSA aims to rec-
tify the misalignment between foreground objects and back-
ground scenes, enhancing the overall quality of the gener-
ated objects. The broad effectiveness of OLiDM is demon-
strated across various LiDAR generation tasks, as well as in
3D perception tasks. Specifically, on the KITTI-360 dataset,
OLiDM surpasses prior state-of-the-art methods such as Ul-
traLiDAR by 17.5 in FPD. Additionally, in sparse-to-dense
LiDAR completion, OLiDM achieves a significant improve-
ment over LiDARGen, with a 57.47% increase in semantic
IoU. Moreover, OLiDM enhances the performance of main-
stream 3D detectors by 2.4% in mAP and 1.9% in NDS, un-
derscoring its potential in advancing object-aware 3D tasks.

Code — https://yanty123.github.io/OLiDM/

1 Introduction
LiDAR sensors are crucial for autonomous driving, as they
can provide precise 3D information of the surroundings
across various challenging conditions (Li et al. 2024, 2023a;
Yan, Mao, and Li 2018; Cheng et al. 2023a; Yin et al. 2024).
However, acquiring and annotating high-quality LiDAR data
is costly and labor-intensive due to the sparse and noisy na-
ture of LiDAR point cloud (Meng et al. 2020; Wu et al.
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2020). This highlights the necessity for advanced generation
algorithms to produce diverse, controllable, and scalable Li-
DAR point cloud data.

Recent breakthroughs in 3D generative models (Zyrianov,
Zhu, and Wang 2022; Nakashima and Kurazume 2023) have
enabled promising applications such as LiDAR data genera-
tion, which are critical for self-driving vehicles. To generate
novel LiDAR data from scratch, LiDARGen (Zyrianov, Zhu,
and Wang 2022) and R2DM (Nakashima and Kurazume
2023) transform 3D point clouds into structured 2D range
images and leverage existing 2D diffusion models (Ho, Jain,
and Abbeel 2020). Later, UltraLiDAR (Xiong et al. 2023)
utilizes voxelized LiDAR point clouds in conjunction with
VQ-VAE (Yu et al. 2021) to facilitate the densification of
sparse LiDAR data. Despite their effectiveness in generat-
ing scene-level LiDAR data, we have observed significant
discrepancies between these synthetic data and real-world
data when applied to the 3D detection task. Firstly, as shown
in fig. 1 (a) and (c), the quality of the generated objects is
relatively low. In fig. 1 (b), significantly fewer foreground
objects are detected in these synthetic data, highlighting
the distribution discrepancy with real-world data. In prac-
tical applications, the focus is typically on foreground ob-
jects (Lang et al. 2019), yet existing models often gener-
ate LiDAR data without distinguishing between foreground
and background, treating the scene as a whole. Addition-
ally, foreground points are generally more sparse as shown
in fig. 1 (d)). The challenge of developing a generative model
capable of producing LiDAR data with high-quality 3D fore-
ground objects still remains unresolved.

To address the above problems, we propose OLiDM, an
Object-aware LiDAR Diffusion Model that aims to produce
controllable and realistic LiDAR point cloud data at both ob-
ject and scene levels. OLiDM comprises two key modules:
the Object-Scene Progressive Generation (OPG) module and
the Object Semantic Alignment (OSA) module. In particu-
lar, OPG advances the generation process by progressively
modeling the foreground objects and background scenes. To
effectively model the objects, OPG incorporates rich condi-
tions, such as detailed textual descriptions and precise geo-
metric specifications. These conditions provide both seman-
tic and geometric context, explicitly enhancing the diversity
of objects. Then, an object denoiser receives these condi-
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Figure 1: To assess the quality of foreground objects, we utilize an off-the-shelf 3D detector (i.e., SECOND (Yan, Mao, and Li
2018) trained on KITTI (Geiger et al. 2013)) to identify 3D objects in LiDAR data generated by various methods, including
LiDARGen, UltraLiDAR and our OLiDM. (a) Visualization of some detected 3D objects in generated LiDAR scenes, where
OLiDM enables the creation of LiDAR data with high-fidelity foreground objects. (b-c) We count the number and evaluate the
quality of the detected objects, revealing our generated LiDAR data presents a similar distribution compared to the real data
in KITTI-360 (Liao, Xie, and Geiger 2022). In contrast, LiDARGen and UltraLiDAR produce significantly fewer foreground
objects with lower quality. (d) Foreground object points represent a minimal fraction of the total scene points, highlighting the
challenges of generating high-quality foreground objects. Please zoom in for detailed visualization.

tions and generates high-quality 3D objects. Subsequently,
these objects serve as a prior condition to assist the scene
generation process. Here, a scene controller is introduced
to embed the object condition into features, enforcing the
scene denoiser to produce more meaningful LiDAR scenes
with controllable 3D objects. Moreover, unlike previous ap-
proaches that generate simulated LiDAR data without spe-
cific 3D object information, OPG provides initial 3D annota-
tions for the foreground objects, which can potentially ben-
efit the downstream 3D perception tasks.

For generating scene-level LiDAR data, previous methods
(Nakashima and Kurazume 2023; Zyrianov, Zhu, and Wang
2022) typically operate on spatially disordered range im-
ages, where range values of foreground and background can
be mixed in a local window. In contrast, our OSA module
tactfully partitions regions into various semantic subspaces.
These semantic subspaces, defined by object category, serve
as semantic masks to balance the diffusion loss, thereby fa-
cilitating model learning and refining object details within
the scene. Through a meticulously designed learning pro-
cess, OLiDM emerges as a highly practical and scalable Li-
DAR generator at both object and scene levels.

Our main contributions are summarized as follows:

• We introduce a new diffusion framework, OLiDM, to en-
sure the generation of high-quality LiDAR objects. To
the best of our knowledge, OLiDM is the first effort that
handles controllable and realistic LiDAR data at both ob-
ject and scene levels.

• We propose an Object-Scene Progressive Generation
(OPG) process. OPG integrates semantic and geometric
conditions to achieve precise 3D object modeling. A new
scene controller is also introduced to smoothly incorpo-
rate these 3D objects into the overall LiDAR scene.

• An Object Semantic Alignment (OSA) module is pro-
posed to enforce the consistency optimization of fore-
ground objects over their respective semantic subspaces
during the diffusion process, which improves the overall
quality of the generated LiDAR data.

Extensive experiments demonstrate that OLiDM generates
high-quality LiDAR point clouds, achieving the best FPD
and JSD on KITTI-360. Moreover, we are the first to eval-
uate the quality of foreground LiDAR objects generated by
various methods, where OLiDM showing superior perfor-
mance across all metrics. Additionally, OLiDM excels in
conditional generation tasks such as sparse-to-dense LiDAR
completion. Finally, our validation on the nuScenes dataset
confirms that OLiDM effectively enhances the performance
of downstream 3D perception tasks, e.g., improving mAP by
2.4% of mainstream 3D detectors.

2 Related Work
2.1 Generative Models
Building upon DDPM’s foundation (Ho, Jain, and Abbeel
2020), subsequent research (Li et al. 2023b; Lee et al. 2021;
Lugmayr et al. 2022; Saharia et al. 2022) has explored inte-
grating various forms of control into these models, demon-
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strating remarkable versatility in applications such as text-
to-image synthesis and inpainting. Shifting the focus to the
3D domain, initial research in point cloud generation fo-
cuses on Generative Adversarial Networks (GANs), with r-
GAN (Achlioptas et al. 2018) setting the groundwork. Sub-
sequent enhancements (Zhang et al. 2022; Shu, Park, and
Kwon 2019) refined these models, while recent develop-
ments (Cheng et al. 2023b; Zhou, Du, and Wu 2021) incor-
porate diffusion processes into point cloud generation. DiT-
3D (Mo et al. 2024) utilizes a diffusion transformer architec-
ture for denoising voxelized point clouds. These advance-
ments were primarily trained on comprehensive datasets
with specific categories (Chang et al. 2015; Wu et al. 2015).
Point-E (Nichol et al. 2022) represents a significant advance-
ment in creating diverse 3D point clouds, leveraging large-
scale text and 3D model pairings for training. Unlike general
3D object generation, this paper tackles the more challeng-
ing scenarios in autonomous driving, addressing issues like
sparsity, occlusion, and uneven point distribution. Through
tactful model design, OLiDM effectively overcomes these
obstacles, ensuring the generation of realistic and control-
lable LiDAR objects and scenes.

2.2 LiDAR Data Generation
For the task of LiDAR data generation in autonomous driv-
ing, deep generative models such as GANs (Achlioptas et al.
2018; Caccia et al. 2019a; Sauer et al. 2021), VAEs (Caccia
et al. 2019b) and their innovative hybrids have demonstrated
significant advancements. Most recently, LiDARGen (Zyri-
anov, Zhu, and Wang 2022) proposes a new diffusion-based
model for LiDAR data generation by transforming the in-
put as the range image. R2DM (Nakashima and Kurazume
2023) further applies the DDPM to enhance the quality
of generation. UltraLiDAR (Xiong et al. 2023) leverages
voxelized LiDAR point clouds in conjunction with VQ-
VAE (Yu et al. 2021), promoting efficient LiDAR data gen-
eration and completion. LiDM (Ran, Guizilini, and Wang
2024) leverages multi-modal conditions as input for Li-
DAR generation. Notably, these methods mainly focus on
mimicking the data distribution of entire LiDAR scenes,
where background areas inevitably constitute most of the
points. As a result, they overlook the inherent differences
between foreground objects and background areas, compro-
mising the overall quality. Our work shifts more attention
to foreground objects, which are practical and crucial in au-
tonomous driving. By integrating detailed conditions into a
progressive generation framework from object to scene lev-
els, OLiDM provides a more effective solution for LiDAR
data generation.

3 The Proposed OLiDM Framework
3.1 Overall Architecture
Formally, OLiDM (Object-aware LiDAR Diffusion Models)
aims at generating both object-level point cloud P̂ o ∈
RN0×4 and scene-level one P̂ s ∈ RNs×4, with input con-
ditions C = {T,B}, where No and Ns represent the maxi-
mum numbers of points, and P̂ o and P̂ s are characterized by

4-d attributes (i.e., the 3D coordinates (x, y, z) and the Li-
DAR intensity i). T denotes textual descriptions of objects
and B outlines their 3D bounding boxes to specify positions
and orientations within the scene. This involves an progres-
sive object-to-scene generation process, as shown in fig. 2:

Object-level: Given the condition C and the noised point
cloud P o

t , an object denoiser ϵoθ(·) is designed to itera-
tively estimate and remove the object noise ϵo, where ϵo ∼
N (0, 1) is applied on the real object-level point cloud P o

0 ∈
RN×4 to obtain P o

t ∈ RN×4 at timestep t. The intuition
behind C is that the semantic conditions T can potentially
handle long-tail classes at a semantic level, while geometric
conditions B enhance the simulation of distant cars and rare
poses at the instance level. Accordingly, the object denoiser
ϵoθ(·) gradually refines P o

t towards P o
0 , yielding a series of

synthetic LiDAR objects P =
{
P̂ o

}
given various C.

Scene-level: The above synthetic point clouds P captures
the details of the foreground objects, which naturally serves
as a foundation for inpainting a complete LiDAR scene
P s ∈ RNs×4. Here, we formulate P s as a range image
I ∈ [0, 1]H×W×2 to ensure computation efficiency, where
H and W are the sensor’s resolution in azimuth and eleva-
tion, respectively. 2-d channels represent distance and inten-
sity. To achieve high-fidelity scene-level generation, a new
scene controller ϵϕ(·) is introduced to assist the scene de-
noiser ϵsθ(·) in refining the noisy scene input It at timestamp
t. This is accomplished by carefully encoding the object-
level information Io, which is extracted from P . The scene-
level and object-level latent features effectively interact to
produce a more accurate and coherent representation of the
scene I0, i.e., enriched by high-quality 3D objects.

3.2 Object-Scene Progressive Generation Process
Previous LiDAR generation approaches (Nakashima and
Kurazume 2023; Xiong et al. 2023) primarily generate point
cloud at the entire scene level, overlooking the differences
between foreground and background and thus inevitably de-
grading the quality of foreground objects. The rationale for
handling the foreground points includes: (1) Object-Scene
Point Imbalance. The foreground typically constitutes less
than 10% of the points in an entire scene (see fig. 1 (d)),
yet existing methods often fail to adequately address these
sparse foreground points. As a result, the model may become
biased toward the data distribution of background points.
(2) Object-Scene Semantic Discrepancy. Foreground objects
often include pedestrians and vehicles, which are more criti-
cal in autonomous driving, while background areas typically
consist of roads, buildings, and vegetation. Consequently,
points from the foreground and background exhibit distinct
geometries that need to be addressed differently. To this
end, we introduce the OPG, which employs a progressive
framework—object-first, scene-later—to effectively address
the inherent discrepancies between the two.
Object-level LiDAR Generation Unlike the point cloud
objects in 3D Shapenet (Chang et al. 2015) that present rel-
atively complete and smooth patterns, 3D LiDAR objects
exhibit significantly different characteristics depending on
their position relative to the ego-vehicle, with distant objects
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Figure 2: Pipeline of OLiDM. OLiDM is designed to generate diverse, controllable, and realistic LiDAR point clouds at both
object and scene levels through the Object-Scene Progressive Generation (OPG) process. Object Generation: OPG carefully
combines conditions such as text descriptions and 3D geometric context to accurately model LiDAR objects. Scene Genera-
tion: OPG then incorporates these generated objects as specific conditions during scene-level generation, supported by a scene
controller and an object semantic alignment module.

often appearing sparser. As such, it is necessary to redesign
current diffusion models for object-level LiDAR generation.

Given a real object point cloud P o
0 ∈ RN×3 (omitting in-

tensity here for simplicity) from the database, where N is
the number of points with x, y, z coordinates, we first add
noise ϵo on P o

0 to obtain the noisy version P o
t ∈ RN×3,

which mainly follows DDPM (Ho, Jain, and Abbeel 2020).
P o
t is then voxelized and embedded as Vt by leveraging

3D convolution operations (Mo et al. 2024). Then, we de-
fine the conditions C = {T,B}. Specifically, T is formu-
lated as “An object from class ⟨category⟩, ⟨description⟩.”
Here, ⟨category⟩ refers to the object’s category, as annotated
in the datasets, while ⟨description⟩ offers detailed instance-
level descriptions, such as “a sports car that is on the street,
side view”. During training, we employ an advanced caption
model (Li et al. 2022) to provide rich descriptions for each
3D object. Then, we get the embeddings of T by:

[fT
CLS,f

T
0 , · · · ,fT

L ] = Ftext(T ), (1)
where L denotes the length of the sentence, Ftext(·) is
the pre-trained CLIP (Chen et al. 2020). After that, we
let fT = fT

CLS to summarize T since fT
CLS has effec-

tively integrated the context by attending to all positions in
[fT

CLS,f
T
0 , · · · ,fT

L ]. Meanwhile, we propose to utilize the
3D bounding box, B = [xc, yc, zc, w, l, h, r], to provide cru-
cial object geometric information that indicates the distribu-
tion of points. To be specific, the 3D center and rotation re-
veal the distance and orientation relative to the ego-vehicle,
which in turn determines the visibility of the object’s points.
Additionally, the dimensions of the box potentially offer a
unique identifier for each instance within the same category.
Here, we extract geometry-aware embeddings fB by:

fB = Fbox(B) = Ffe([xc, yc, zc, w, l, h, r]), (2)

where Ffe(·) denotes Fourier Embedder (Mildenhall et al.
2021). Furthermore, fT and fB are combined to obtain a
comprehensive condition embedding c:

c = Fcom([f
B,fT ]), (3)

where [·, ·] is the concatenation operation and Fcom(·) can be
realized by linear layers.

Since we have the noised input embedding Vt and the
condition embedding c, an Object Denoiser (See fig. 2) is
proposed to estimate the noise at timestep t. Inspired by
existing diffusion models (Nichol et al. 2022; Luo and Hu
2021), we apply the cross-attention mechanism to enhance
the interaction between the inputs. The query, key and value
in the cross-attention layer are denoted as:

q = linear(Vt), k = linear(c+f t), v = linear(c+f t), (4)

where f t is the embedded timestep t. In this way, the noised
voxel embedding Vt can integrate information from f t and
c to refine its 3D representation:

V̂t = Vt + vT · softmax(k · qT) (5)

Finally, a feed-forward network estimates an N × 3 ten-
sor based on the attention output V̂t, representing the object
noise towards the ground truth ϵo. The Object Denoiser ϵoθ(·)
can be optimized as:

Lobject = EP o
0 ,c,ϵo,t[∥ϵo − ϵoθ(P

o
t , t, c)∥

2
]. (6)

During inference, the Object Denoiser iteratively pro-
cesses the noised input object points with condition to gener-
ate a synthetic 3D object. This can be repeated to produce an
unlimited number of point cloud objects P based on differ-
ent C. Notably, users have the flexibility to define semantic
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Figure 3: The Object Semantic Alignment (OSA) module
aligns object features based on their semantic space.

and geometric conditions to account for different object dis-
tribution settings. The process can be simplified by applying
uniform or random sampling for B on the road and specify-
ing only the category description for each object as T .

Scene-level LiDAR Generation Building upon the object
point clouds P , our goal is to generate complete LiDAR
scenes P s that are compatible with these high-quality ob-
jects. The main challenge in scene-level point cloud genera-
tion lies in handling hundreds of thousands of points simul-
taneously. Following the methodologies in (Zyrianov, Zhu,
and Wang 2022), we choose to represent the entire LiDAR
scene as a range image to save computation.

Specifically, object points P are first projected into an
object-level range image Io. Then, a scene controller ϵϕ(·) is
introduced to maintain the contents and positions of the ob-
jects and guide the generation process. This is achieved by
initially extracting a conditioning embedding and combining
it with the noised scene input It to produce the intermediate
latent feature ht

c:

ht
c = zero(conv(Io)) + zero(conv(It)) (7)

Here, zero denotes the zero convolution layer (Zhang, Rao,
and Agrawala 2023). Following several layers of stacked U-
Net blocks (Ronneberger, Fischer, and Brox 2015) and zero
convolutions, we refine ht

c and effectively control the de-
tailed rendering of foreground objects.

The scene denoiser ϵsθ(·) then processes the scene noise It
along with the control embedding to extract the final latent
feature. The optimization process of the above process can
be denoted as:

Lobject-scene = EIo,I0,ϵs,t[∥ϵs − ϵsθ(It, t, ϵϕ(I
o))∥2]. (8)

By leveraging this progressive generation framework,
OLiDM not only ensures the realism and fidelity of individ-
ual object details but also preserves the contextual integrity
and coherence of the entire scene, thereby resulting in highly
realistic and contextually accurate LiDAR scenes.

3.3 Object Semantic Alignment
Here, we introduce the proposed OSA module. While range
images contain rich depth information, they suffer from spa-
tial misalignment issues (Bai et al. 2024), where adjacent
pixels in the range image can represent real-world distances
greater than 30 meters. Previous approaches (Xiong et al.
2023; Nakashima and Kurazume 2023) directly feed entire
range images into a 2D backbone, resulting in mixed fea-
tures for near and distant objects. This hinders the extraction
of accurate geometric information of the foreground objects
and corrupts the generation quality.

To rectify the object-specific representations from the
mixed features, we design the OSA module, which aligns
features within the semantic subspace for each 3D object.
By splitting the features into distinct spaces based on cate-
gories, we minimize interference between regions. As illus-
trated in fig. 17, this method sharpens edge information for
foreground objects, resulting in the higher-quality genera-
tion.

Specifically, given a frame of range image I ∈ RH×W×2,
OSA first calculates binary mask M ∈ RH×W×c accord-
ing to foreground objects P , where c is the number of cate-
gories readily defined in the object generation process, and
each Mi ∈ H ×W is a pixel-wise mask for range image I ,
indicating whether each point represents the object from ci
category. Next, OSA defines a tensor Î ∈ RH×W×c, which
is a c-channel version of I , with the i-th channel defined by
Îi = I ⊙Mi. Here, Ît, the noisy version of Î serves as input
of the scene denoiser ϵs(·) to calculate OSA loss:

Losa = EÎ0,ϵ̂s,t
[
∥∥∥ϵ̂s − ϵsθ(Ît, t)

∥∥∥2], (9)

where ϵ̂s ∈ RH×W×c is t steps noise we added on Î . We
adopt eq. (9) as an additional loss with eq. (8) to achieve
alignment on the semantic feature subspace at the category
level, thereby enhancing the quality of foreground object
generation and ensuring a more consistent integration be-
tween foreground and background.

4 Experiments
4.1 Experimental Setups
Dataset and Setting. nuScenes (Caesar et al. 2020) and
KITTI-360 (Liao, Xie, and Geiger 2022) are popular
datasets widely used in autonomous driving research, featur-
ing detailed annotations for evaluating different tasks. For
the generation task, we employ the KITTI-360 dataset to
demonstrate the effectiveness, while for 3D object detection
and other tasks (Han et al. 2024; Tao et al. 2023), we use the
nuScenes (Caesar et al. 2020) as the benchmark.
Evaluation Metrics. For the scene-level LiDAR generation,
we use MMD, JSD on the BEV plane and FPD as the met-
rics, and we generate 10k samples using 0000 and 0002 seq
as the validation split following (Zyrianov, Zhu, and Wang
2022; Xiong et al. 2023). For the quality of foreground ob-
jects, we use Chamfer Distance (CD), and Jensen-Shannon
Divergence (JSD) to judge. We also define Semantic Simi-
larity (SS) to evaluate semantic closeness using cosine sim-
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Figure 4: Qualitative comparison against baselines on LiDAR generation. We compare with LiDARGen, UltraLiDAR and
include real LiDAR for reference. OLiDM generates LiDAR data with more realistic sparsity and beam patterns. Red, Blue and
Green boxes are the detected objects (car, cyclist and pedestrian) from a 3D detector trained on KITTI.

Method JSD(↓) MMD(↓) FPD(↓)
LiDARVAE 1.61 10.0 -
Proj.GAN 8.05 3.47 -

LiDARGen 0.67 3.87 90.3
UltraLiDAR 0.71 1.96 25.1

R2DM 0.49 4.35 14.6
OLiDM w/o OSA 0.47 3.89 9.20

OLiDM 0.42 3.45 7.60
Table 1: Quantitative results of the LiDAR generation
task on KITTI-360. MMD and JSD are multiplied with 104

and 10, respectively.

Method CD(↓) SS(↑) JSD(↓) #Box
LiDARGen 33.1 0.41 0.97 0.88
UltraLiDAR 18.3 0.70 0.95 2.16

R2DM 17.6 0.86 0.91 4.66
OLiDM− 14.3 0.84 0.93 5.02
OLiDMT 9.21 0.86 0.87 5.92
OLiDMB 4.32 0.85 0.82 6.77
OLiDM 1.88 0.91 0.74 7.10

Table 2: Quantitative results of LiDAR objects on KITTI-
360. We sample 1000 objects for evaluation.

ilarity of embeddings from the pre-trained Openshape (Liu
et al. 2023).

4.2 Object-Aware LiDAR Generation
Scene-level Generation. OLiDM is compared against sev-
eral state-of-the-art LiDAR data generation methods, in-
cluding LiDARGen (Zyrianov, Zhu, and Wang 2022),
R2DM (Nakashima and Kurazume 2023), and Ultra-

Lidar (Xiong et al. 2023), as detailed in table 1.
OLiDM achieves superior performance in terms of JSD and
FPD metrics, indicating that our OLiDM produces the most
realistic point clouds in both BEV and point spaces. Al-
though UltraLiDAR shows better outcomes on the MMD
metric due to its voxel-based BEV modeling, it falls short
in the FPD metric, which assesses point-level accuracy.
OLiDM exceeds UltraLiDAR for 17.5 at FPD. The enhance-
ments stem from OLiDM’s innovative strategy, which ensure
a more faithful and robust synthesis of LiDAR data.
Object-level Generation. Previous LiDAR point cloud gen-
eration methods often overlook quality control at the object
level, potentially limiting their applicability in autonomous
driving. In response, we propose to evaluate the quality of
foreground objects within the generated LiDAR data, as
demonstrated by table 2. We utilize a well-trained 3D de-
tector (Yan, Mao, and Li 2018) to identify foreground ob-
jects within LiDAR scenes. A critical metric in our anal-
ysis, #Box, represents the average count of detected 3D
boxes per scene, with values approaching the KITTI-360
dataset’s standard of 9.06 reflecting superior performance.
OLiDM notably aligns with the distribution of real fore-
ground objects, significantly reducing the CD metric to 1.88
and JSD metric to 0.74, demonstrating its effectiveness in
generating high-fidelity LiDAR objects. UltraLiDAR strug-
gles due to its voxelization approach, which excessively
sparsifies the dense point clouds of objects, resulting in
a mere 2.16 detected boxes. Meanwhile, our method cap-
tures 7.1 boxes, significantly closer to the real data bench-
mark of 9.06. These experiments indicate the critical role of
OLiDM in generating high-fidelity LiDAR objects.
Qualitative Comparison. The qualitative comparison is
presented in fig. 4, where LiDARGen demonstrates accept-

9126



Method Depth Reflectence Semantics
MSE↓ MSE↓ IoU%↑

Nearest-neighbor 2.069 0.100 20.00
Bilinear 2.193 0.106 18.19
Bicubic 2.314 0.110 17.26

LiDARGen 1.551 0.080 22.46
R2DM 0.923 0.050 34.44
OLiDM 0.702 0.048 79.93

Table 3: Quantitative results of sparse-to-dense LiDAR
generation on KITTI-360, where we input 25% beams.

3D Detector Aug. Method Paradigm mAP NDS

PointPillars
Baseline None 44.8 58.3

+ GT-Aug Real 45.1 58.9
+LiDAR-Aug Synthetic 45.6 58.4

+ OLiDM Synthetic 46.7 61.1

CenterPoint

Baseline None 59.0 65.8
+ GT-Aug Synthetic 59.2 66.5

+ LiDAR-Aug Synthetic 60.5 67.3
+ OLiDM Synthetic 61.9 68.5

Table 4: Evaluation of the effectiveness in augmenting
mainstream 3D detectors on the nuScenes. Compared with
other data augmentation techniques, OLiDM achieves supe-
rior performance across various 3D detectors.

able performance in foreground patterns but struggles with
scene-level fidelity. Although UltraLiDAR shows impres-
sive scene-level patterns through its BEV representation, it
sacrifices object-level quality, probably due to the BEV rep-
resentation’s inability to adequately capture 3D object de-
tails. In contrast, our method maintains high quality in both
background structures and foreground objects, highlighting
the effectiveness of the OPG and OSA designs.

4.3 Conditional LiDAR Generation
Sparse-to-Dense LiDAR Completion. Following the set-
tings of LiDARGen and R2DM, we conduct LiDAR up-
sampling experiments on the KITTI-360, using 16-beam Li-
DAR as input and producing 64-beam LiDAR. In table 3 and
fig. 5, OLiDM achieves the best results across all metrics,
with a significant improvement in semantic IoU from 34%
to 79%. The success can be attributed to the OPG’s ability
to stably and reliably encode conditions and facilitate feature
interaction, thus controlling the overall content generation.
Controllable LiDAR Generation. To verify our method’s
capability to control the generation of LiDAR data, we con-
duct validations from both object-level and scene-level con-
trol perspectives in fig. 6. For the object level, we manipulate
the textual descriptions and spatial geometric positions to
control the generated object’s semantic content and LiDAR
scanning patterns. For the scene level, we leverage fore-
ground objects as conditions for the generation of desired
LiDAR scenes, including extremely crowded scenarios. This
advantage demonstrates our ability to generate LiDAR data
that aligns with user expectations and adheres to real-world
physical rules, which is crucial for the autonomous driving
industry in creating specific corner-case scenarios.

Figure 5: Sparse-to-dense Completion. The semantic re-
sults are predicted by RangeNet-53 (Milioto et al. 2019).

Figure 6: OLiDM controls contents at both object and
scene levels. OLiDM guarantees that the desired 3D objects
are accurately represented in the final LiDAR scenes.

4.4 Downstream Task
The above experiments demonstrate that OLiDM can pro-
duce high-quality 3D LiDAR objects, which can be naturally
leveraged to enhance downstream 3D detection task (Yin
et al. 2021). To further validate our approach, we employ
CenterPoint (Yin, Zhou, and Krahenbuhl 2021) and Pointoil-
lars (Lang et al. 2019) as baselines to examine improve-
ments in detection performance. Specifically, we augment
the detectors using the 3D objects generated by OLiDM,
and compare with the widely used GT-Aug (Yan, Mao, and
Li 2018) technique (GT-Aug introduces randomly sampled
ground truth from other scenes into current scene to facili-
tate the training). As shown in table 4, OLiDM improves the
detector performance by 2.7% compared to GT-Aug. These
results demonstrate that high-quality 3D objects potentially
enhance the 3D perception task. It is worth noting that other
current LiDAR generation methods are unable to produce
controllable and high-fidelity 3D LiDAR objects, which lim-
its their applicability in downstream perception tasks.

5 Conclusion
In this paper, we introduced OLiDM, a novel framework for
generating realistic and controllable LiDAR data at both ob-
ject and scene levels. By leveraging the Object-Scene Pro-
gressive Generation (OPG) and Object Semantic Alignment
(OSA), OLiDM not only captures data distribution similar to
real-world LiDAR data, but also enhances the performance
of downstream perception tasks. Our evaluations across di-
verse benchmarks highlight the model’s ability to produce
high-fidelity LiDAR data.
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