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Figure 1. Our method (LiDM) steps towards LiDAR-realistic scene generation by preserving curve-like structures and objects with greater
resemblance to real-world data (Reference), and marks a milestone for conditional LiDAR scene generation from different input modalities.

Abstract

Diffusion models (DMs) excel in photo-realistic image
synthesis, but their adaptation to LiDAR scene generation
poses a substantial hurdle. This is primarily because DMs
operating in the point space struggle to preserve the curve-
like patterns and 3D geometry of LiDAR scenes, which con-
sumes much of their representation power. In this paper,
we propose LIDAR Diffusion Models (LiDMs) to gener-
ate LiDAR-realistic scenes from a latent space tailored to
capture the realism of LiDAR scenes by incorporating ge-
ometric priors into the learning pipeline. Our method tar-
gets three major desiderata: pattern realism, geometry re-
alism, and object realism. Specifically, we introduce curve-
wise compression to simulate real-world LiDAR patterns,
point-wise coordinate supervision to learn scene geome-
try, and patch-wise encoding for a full 3D object context.
With these three core designs, our method achieves com-
petitive performance on unconditional LiDAR generation
in 64-beam scenario and state of the art on conditional
LiDAR generation, while maintaining high efficiency com-
pared to point-based DMs (up to 107x faster). Further-
more, by compressing LiDAR scenes into a latent space, we
enable the controllability of DMs with various conditions
such as semantic maps, camera views, and text prompts.

Our code and pretrained weights are available at ht tps :
//github.com/hancyran/LiDAR-Diffusion.

1. Introduction

Recent years have observed a surge of conditional genera-
tive models that are capable of generating visually appeal-
ing and highly realistic images. Among them, diffusion
models (DMs) have emerged as one of the most popular
methods, thanks to its unexceptionable performance. To en-
able generation with arbitrary conditions, Latent Diffusion
Models (LDMs) [44] combine the cross-attention mecha-
nism with a convolutional autoencoder to generate high-
resolution images. Its subsequent extensions (e.g., Sta-
ble Diffusion [2], Midjourney [1], ControlNet [60]) further
boosted its potential for conditional image synthesis.

This success leads us to inquire: can we apply control-
lable DMs to LiDAR scene generation for autonomous driv-
ing and robotics? For instance, given a collection of bound-
ing boxes, can these models synthesize corresponding Li-
DAR scenes, thus turning these bounding boxes into high-
quality and expensive labeled data? Alternatively, is it pos-
sible to generate a 3D scene solely from a set of images?
Or even more ambitiously, can we design a language-driven
LiDAR generator for controllable simulation? To answer
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geometry to simulate LiDAR by calculating intersections.
Benefiting from producing realistic LiIDAR scenes, data-
driven LiDAR simulation gains great attention in the com-
munity. A pioneering work LiDARSim [35] adopts deep
learning models to produce deviations from physics-based
simulations to generate realistic LIDAR point clouds.

3. LiDAR Diffusion Models

In this section, we present LiDAR Diffusion Models
(LiDMs) with details. An overview is shown in Fig. 2. In
Sec. 3.1, we discuss our design choice of range images for
data representation. In Sec. 3.2, we formulate the task of
LiDAR scene generation with LiDMs. In Sec. 3.3, we ex-
plore the design of LiDAR compression in terms of both
pattern and scene geometry realism. In Sec. 3.4, we present
potential applications of LiDM based on multi-modal con-
ditions. In Sec. 3.5, we define the training objectives in the
stages of LIDAR compression and LiDAR Diffusion. Fi-
nally, in Sec. 3.6, we describe three novel perceptual met-
rics designed to quantitatively analyze the sample quality
for LIDAR scene generation.

3.1. Data Representation

LiDAR data can be represented by different modalities.
Since our goal is to simulate raw LiDAR output, we have to
choose a representation that is losslessly converted to and
from raw data, which eliminates optional voxelization. To
this end, we consider two choices, namely 3D point clouds
and 2D range images. Both modalities have been success-
fully explored in previous works, albeit in different settings:
point cloud generation [3, 57, 58] often focuses on human-
crafted objects due to the efficiency limitation, while range
image generation [6, 62] is tailored for larger-scale scenes
such as LiDAR scenes. This separation indicates a clear
preference towards range images for our settings.

3.2. Problem Formulation

Both the input and the output of our generators are repre-
sented as range images, denoted as x and Z, respectively,
where x, & € R¥*W and H and W are the height and
width of the range image, respectively. For one pixel, de-
fined by its normalized 2D location and range value, we
can directly compute its depth, yaw, and pitch given pre-
defined parameters. Specifically, we define the 3D coordi-
nate p = [« 8, 7] of the pixel with:

a = cos(yaw) X cos(pitch) x depth, (1)
B = —sin(yaw) X cos(pitch) x depth, (2)
~ = sin(pitch) x depth. 3)

Our LiDMs pipeline can be split into two parts: LiDAR
compression and diffusion process. For LiDAR compres-
sion, we use an encoder £ to compress range images into

latent code z = &(z), where z € R"*®>4 and a decoder
D to decode it into & = D(z) = D(E(x)). For the dif-
fusion process, following standard practice [44], we denote
an equally weighted sequence of unconditional denoising
auto-encoders as €g(z, t), with timestamp ¢t = 1...7.

3.3. Towards LiDAR-Realistic Generation

Pattern Realism The presence of curves is a common
pattern in LiDAR scenes. A curve ¢; = [p1,...,Pn;] 18
represented by a sequence of n; points where consecutive
pairs are connected by a polyline. Furthermore, as defined
in [49], a LiIDAR point cloud is equivalent to a set of curves,
namely a curve cloud C' = {cy, ..., ¢, }. While we cannot
directly apply the concept of curve cloud to range images,
we can still explore curve-like structures.

Given that each beam of a LiDAR sensor sequentially
captures 3D points by scanning the scene horizontally, we
can safely assume that each curve is stored in only one
row of a range image, and is represented as a continu-
ous segment of pixels. Thus, we design our auto-encoders
through curve-wise compression, which results in horizon-
tally downsampled range images, by a factor f. := 27,
where 7 € N. To achieve curve-wise compression, we
implement with these details: 1) the kernel size of convo-
lutions inside each curve-wise residual block is 1 x 4, in-
stead of the traditional 3 x 3 used on images; 2) each down-
sampling or upsampling layer is applied only horizontally;
3) the padding is circular considering the two sides of an
range image to be connected end to end. Through this im-
plementation, we effectively preserve curve-like structures
in a perceptually equivalent space.

Geometry Realism Preserving scene-level geometry is an-
other key aspect in LiDAR-realistic generation. To achieve
this, our model should possess the capability to clearly dis-
tinguish between objects and the background, demonstrat-
ing sensitivity to the contours of 3D geometry. However, the
conversion of point clouds to range images (as described in
Sec. 3.2) may lead to a loss of geometry. Thus, we introduce
a novel point-wise coordinate supervision to enhance the
understanding of autoencoders in 3D space. Point clouds
are informative to describe the geometry of LiDAR scenes
through coordinates, but due to irregularity, we cannot di-
rectly apply point cloud distance loss functions (e.g., Cham-
fer Distance [13]) to the training of autoencoders. For this
purpose, we design a simple manner by supervising the con-
verted coordinate of each pixel between the input and out-
put range images. Note that, the converted coordinate-based
images are in the shape of H x W x 3. Point-wise coordinate
supervision includes both a pixelwise 3D distance loss and
an adversarial objective on the coordinate-based images.

Object Realism Achieving object realism is challenging,
but an important aspect of recovering reasonable and com-
plete shapes. While curve compression effectively captures
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Figure 2. An overview of LiDMs on 64-beam data, which includes
three parts: LiDAR compression (¢f. Sec. 3.3 & 3.5), Multimodal
Conditioning (cf. Sec. 3.4), and LiDAR Diffusion (cf. Sec. 3.5).

patterns in LiDAR scenes, it suffers from a restricted recep-
tive field when capturing the complete context of 3D ob-
jects, particularly for visually larger objects in range images
(i.e., objects near the ego-center). Thus, we introduce patch-
wise blocks in the intermediate layers of autoencoders for
patch-wise encoding, which is qualitatively effective as a
way to improve the synthesis quality of objects. We define
the factor of downsampling during patch-wise encoding as
fp=2" peN andthus h = H/f,, w = W/(fe X fp).

3.4. Multimodal Conditioning

Previous works [44, 60] have shown DMs’ capability to
model conditional distributions. Utilizing our LiDMs, we
further introduce multimodal conditioning to realize the sig-
nificant potential for downstream tasks within the domain
of autonomous driving. Typically, two types of conditions
can serve as inputs in LiDAR scenes: image-based con-
ditions (e.g., semantic maps), and token-based conditions
(e.g., bounding boxes, keypoints). We approach the ap-
plications of image-based conditioning as image-to-image
translation tasks [21], while we employ the cross-attention
mechanism to handle token-based conditions, aligning with
a widely adopted practice [44]. To broaden the scope of

conditional LiDAR generation, we introduce Camera-to-
LiDAR task by extracting the global features of each view
using a pretrained latent space provided by CLIP [41]. Due
to the spatial mismatch between multiple camera views and
a LiDAR point cloud, we cannot directly treat Camera-to-
LiDAR generation as another image-to-image translation
task. Therefore, for a LIDAR scene, in contrast to tasks em-
ploying the entire image-based condition, we guide LiDMs
with a condition representation formed by concatenating
global features of all camera views.

Most recently, the paradigm of contrastive image-text
pretraining (e.g., CLIP [41]) has demonstrated remarkable
progress in zero-shot learning [42]. CLIP enables zero-shot
understanding across diverse generation tasks of text-to-
image [43], text-to-video [56], etc. To explore the potential
applications of language-guided autonomous driving [22]
for LIDAR generation, we leverage the text-image latent
space of CLIP to encode descriptive prompts for LiDMs.
Consequently, we can seamlessly transition the Camera-to-
LiDAR task into a novel Text-to-LiDAR generation.

3.5. Training Objectives

LiDAR Compression Through curve-wise compression,
point-wise coordinate supervision and patch-wise encoding,
we design autoencoders to compress range images. To train
these autoencoders, we adopt a set of objectives, including
a pixelwise L reconstruction objective L,..., a curve-based
adversarial objective adapted from [21] Lgan and a vector
quantization regularization [53] Lvq. Specifically, we com-
pute both L,.. and Lgan with both range and coordinate-
based images as input. We compute L,.. in the parts of
pixelwise Lq loss with range images and pixelwise coordi-
nate distance loss with coordinate-based images:

Lrec (x) = Eo[||z — & 4+ Allp — plI3], 4

where A is a scale factor for the supervision of coordinate-
based images. Additionally, we compute Lgan by feed-
ing both range images and coordinate-based images into our
CurveGAN, a variant of PatchGAN [21] by applying curve-
wise compression in the first stage. We define the adversar-
ial objective as:

Loan(z) = Eyflog D([z, p]) + log(1 — D([, p]))], (5)

where [...] means concatenation operation. Besides, we
utilize the loss of vector quantization [53] Lyq to learn a
codebook of range image constituents. We incorporate the
vector quantization layer in the decoder, following the im-
plementation of [12]. Overall, the complete training objec-
tive of autoencoders is:

Lag = Lrec + Laan + Lvq. (6)
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LiDAR Diffusion As probabilistic models, DMs [48] aim
to comprehend a data distribution through a progressive de-
noising process on variables sampled from a Gaussian dis-
tribution. In image synthesis, previous works have em-
ployed DMs either in the pixel space [9, 18] or a latent
space [44]. In this paper, we enable DMs to leverage a low-
dimensional latent space created by our autoencoders. This
space adequately preserves LiDAR patterns and the geom-
etry of scenes and objects while maintaining computational
efficiency. Furthermore, it empowers DMs to focus on the
semantic information of large-scale LiDAR scenes. We de-
fine the objective of our unconditional LiDMs:

Liiom = Eeayconon [le—eo (o), (D)

where €p (2¢,t) is a UNet [45] backbone with timestamp
conditioning. For inference, we obtain sampled range im-
ages by decoding the denoised latent code z with D. Simi-
larly, given an input condition y, we define the objective of
our conditional LiDMs as:

2
LCLiDM = ES(m),y,eNN(O,l),t |:||€ — €9 (Zta t) 7'9(?4))”2 )
®)
where 7y is a condition encoder responsible for converting
vy into an accessible representation for the UNet backbone.

3.6. Evaluation Metrics

To evaluate LiDAR generative models, previous works on
LiDAR scene generation [6, 62] commonly utilize statisti-
cal metrics as proposed in [3]. Nonetheless, they may en-
counter difficulties to quantitatively measure the synthesis
quality at a perceptual level. Thus, we design several per-
ceptual level metrics for LIDAR generative models.

Perceptual evaluation (e.g., FID [17]) stands as a preva-
lent manner to measure image synthesis quality across a
spectrum of popular image-based generators [9, 18, 23—
25, 44, 46]. Typically, these prior works compute the
Fréchet distance [15] between the data distributions of
of real data and generated samples within a perceptual
space defined by a pretrained classifier (e.g., Inception
model [50]). To enhance comprehension of the perfor-
mance of LiDAR generative models at a perceptual level,
we augment the perceptual evaluation with three Fréchet-
distance-based perceptual metrics: Fréchet Range Image
Distance (FRID), Fréchet Sparse Volume Distance (FSVD),
and Fréchet Point-based Volume Distance (FPVD).

In the absence of a pretrained classifier specifically tai-
lored for LiDAR scenes, we adopt segmentation-based pre-
trained models for our evaluations. Specifically, we cal-
culate FRID, FSVD, FPVD through three simple methods,
which include RangeNet++ [38], MinkowskiNet [8], and
SPVCNN [51], respectively. Different from FID, which is
computed relying on the global feature of each input image

Perceptual Statistical

Method FRID| FSVD| FPVD] ISD | ];/%[P 4)¢
Noise 3277 497.1 336.2 0.360 32.09
LiDARGAN [6] 1222 183.4 168.1 0.272 4.74
LiDARVAE [6] 199.1 129.9 105.8 0.237 7.07
LiDARGen [62] (1160s) 129.1 39.2 334 0.188 2.88
LiDARGen [62] (50s) 2051 480.6 400.7 0.506 9.91
LDM [44] (50s) 199.5 70.7 61.9 0.236 5.06
LiDM (ours, 50s) 158.8 53.7 427 0.213 4.46
A Improv. 20.4% 24.0% 31.0% 9.7% 11.9%

Table 1. Comparison of unconditional LiDAR scene generation
with recent state-of-the-art methods. We conduct experiments on
64-beam (i.e., KITTI-360 [31]) data.“]” indicates that lower val-
ues are better. N-s refers to [NV sampling steps during inference. A
Improv. is the relative improvement of our method compared to the
baseline of Latent Diffusion (LDM) [44], with the same number of
diffusion steps. Note that, the diffusion process of LIDARGen [62]
has 232 levels and 5 iterations in each level (i.e., 1160 steps in to-
tal).  denotes baseline results, while  denotes our results.

in the final stage, our proposed metrics are founded on the
average of the output features of each LiDAR scene in the
intermediate stage. With the computed features of samples
and the real-world data, we enable the performance com-
parisons in perceptual space between previous LiDAR gen-
erators and our LiDMs. cf. the supplement for details.

4. Experiments
4.1. Experimental Settings

We train and evaluate our models in the LiDAR scenar-
ios of 32-beam data from nuScenes [14], gathered around
the suburbs in Germany, and 64-beam data from KITTI-
360 [31], collected inside the cities. For the 32-beam sce-
nario, we train autoencoders on the full training dataset,
containing 286,816 samples, and validate with 10,921 sam-
ples. For the 64-beam scenario, we train autoencoders on
63,315 samples of 9 sequences (including training and test
set) and evaluate on 1,031 samples of one sequence. Differ-
ent from autoencoders, we train and validate LiDMs on the
widely adopted subsets of both datasets, which provide var-
ious conditions, including bounding boxes, views of mul-
tiple cameras or perspective views. Specifically, we adopt
SemanticKITTI [5] for Semantic-Map-to-LiDAR task.

Our LiDMs process range images with dimensions of
321024 for 32-beam data and 64 x 1024 for 64-beam data.
The pixel values of the range images are computed through
binary logarithm followed by scaling. Training is conducted
on eight NVIDIA RTX 3090, each with 24GB of GPU
memory, and one of them is utilized for inference.

4.2. Unconditional LiDAR Diffusion

To verify the effectiveness of our method, we train un-
conditional LiDMs on 64-beam data from KITTI-360 [31].
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Semantic-Map-to-LiDAR [5]

Camera-to-LiDAR [31]

Method FRID, FSVD]| FPVD| ISD| 1:/%[?4# FRID| FSVD| FPVD| JSD| lz/%[P 4§’
LiDARGen [62] 425 317 30.1 0.130 5.18 - - - - -
Latent Diffusion [44] 24.0 213 203 0.088 373 50.2 35.9 26.5 0.256 3.80

LiDAR Diffusion (ours) 229 20.2 17.7 0.072 3.16 44.9 325 25.8 0.205 3.69

Table 2. Comparison of conditional LiIDAR scene generation with recent state-of-the-art methods. We conduct Semantic-Map-to-LiDAR
experiments on SemanticKITTI [5] and Camera-to-LiDAR on KITTI-360 [31]. “}” indicates that lower values are better. We implement
Semantic-Map-to-LiDAR on LiDARGen through the concatenation operation. Camera-to-LiDAR on LiDARGen is not viable through

concatenation, and hence we do not report results in this setting.
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Figure 6. LiDM samples for conditional Camera-to-LiDAR gen-
eration on KITTI-360 [31]. The orange box indicates the area cov-
ered by the input image. For each scene, KITTI-360 provides one
perspective, which cover only a part of the scene. Thus, LiDM per-
forms conditional generation for the camera-covered region and
unconditional generation for the remaining unobserved regions.

Semantic-Map-to-LiDAR Transforming semantic maps
into RGB images is a typical image-to-image translation
task [21]. However, it remains underexplored in the context
of LiDAR scene generation. As shown in our reported re-
sults, LiDM outperforms Latent Diffusion and LiDARGen
by a substantial margin. Additionally, conditioning LiDMs
with semantic maps leads to significant improvements rela-
tive to unconditional generation. We argue that having ac-
cess to such data enhances the understanding of LiDMs at a
semantic level, which facilitates the generation of LiDAR-
realistic scenes. Fig. 5 further illustrates the effectiveness
of semantic-map-based conditioning with LiDMs.

Camera-to-LiDAR Camera views are commonplace in
the context of autonomous driving. To explore the rela-

tionship and complementarity between cameras and LiDAR
sensor data, we implement Camera-to-LiDAR generation
on KITTI-360 [31]. In this setting, LiDMs outperform Li-
DARGen [62] by over 36% among all metrics, while also
successfully capturing semantic information from camera
views. In Fig. 6, on the top, we see LiDM generating
smooth ground from an input image containing a road with-
out any objects. Similarly, on the bottom we see LiDM ex-
tracting the semantic information about the presence of a
car and generating it on the synthesized LiDAR scene, al-
though it still struggles with its precise scale in 3D space.

4.4. Zero-shot Text-to-LiDAR Generation

Text-to-image learning has become very popular recently
due to the introduction of contract language-vision pre-
training paradigm [41]. To facilitate LiDAR generation
with language-guided conditioning, we introduce zero-shot
Text-to-LiDAR generation based on a pretrained Camera-
to-LiDAR LiDM, which is transformable to the task of
Text-to-LiDAR. Through provided prompts, LiDM can hal-
lucinate possible scenes related to the input prompts. Fig. 7
shows some evidence to this argument. However, Text-to-
LiDAR LiDM still struggles to generate scenes when pre-
sented with complex prompts, primarily due to constraints
imposed by the limited amount of available training data.

4.5. Study on LiDAR-Realistic Generation

We explore our designed autoencoders for LIDAR compres-
sion and ablate on our proposed point-wise coordinate su-
pervision. To analyze the behavior of LiDAR compression
in terms of curve-wise and patch-wise encoding, we con-
duct experiments on various scale factors. The results in
Fig. 8 show that curve-wise encoding generally performs
better than patch-wise encoding. However, by introduc-
ing one stage of patch-wise encoding, we allow the autoen-
coders to further compress range images while maintaining
competitive performance. To balance between performance
and compression rate, we chose f. = 2 and f, = 4 as the
default settings for our experiments.

Additionally, we study the effectiveness of our proposed
point-wise coordinate supervision. The visualization in
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