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Abstract— Generative modeling of 3D LiDAR data is an
emerging task with promising applications for autonomous
mobile robots, such as scalable simulation, scene manipulation,
and sparse-to-dense completion of LiDAR point clouds. While
existing approaches have demonstrated the feasibility of image-
based LiDAR data generation using deep generative models,
they still struggle with fidelity and training stability. In this
work, we present R2DM, a novel generative model for LiDAR
data that can generate diverse and high-fidelity 3D scene point
clouds based on the image representation of range and re-
flectance intensity. Our method is built upon denoising diffusion
probabilistic models (DDPMs), which have shown impressive
results among generative model frameworks in recent years. To
effectively train DDPMs in the LiDAR domain, we first conduct
an in-depth analysis of data representation, loss functions,
and spatial inductive biases. Leveraging our R2DM model,
we also introduce a flexible LiDAR completion pipeline based
on the powerful capabilities of DDPMs. We demonstrate that
our method surpasses existing methods in generating tasks on
the KITTI-360 and KITTI-Raw datasets, as well as in the
completion task on the KITTI-360 dataset. Our project page
can be found at https://kazuto1011.github.io/r2dm.

I. INTRODUCTION

LiDAR (light detection and ranging) sensors play a pivotal
role in enabling mobile robots to perceive surrounding obsta-
cles and geometry for autonomous navigation. The sensors
produce accurate point clouds of 3D scenes by emitting laser
beams at omnidirectional angles and detecting reflections
from objects. The collected point clouds, along with laser
reflectance information, can be utilized for 3D scene under-
standing tasks [1], such as semantic/instance segmentation
and object detection.

However, high-density and high-quality point clouds are
not readily accessible on all platforms because increasing
the number of beams elevates cost and energy consumption.
Therefore, using low-cost yet low-beam LiDAR sensors can
be a practical option for system development, while they lead
to performance degradation in 3D scene understanding due
to the sparsity of the point clouds.

Generative modeling of LiDAR point clouds is a frontier
approach to tackle these issues, which aims to learn the
prior distribution of 3D scenes. The sparse or incomplete
point clouds can be restored by using the learned priors.
Motivated by the impressive achievements of deep generative
models [2], various approaches have been proposed for Li-
DAR data generation [3]–[6] using variational autoencoders
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Fig. 1. LiDAR upsampling using our diffusion model. We show the
sparse LiDAR inputs and our upsampled results as point clouds (top), range
images (middle), and reflectance images (bottom). Our results were obtained
through image-based conditional generation using our model. The range and
reflectance images are partially zoomed for visual purposes.

(VAEs) [7], generative adversarial networks (GANs) [8], and
diffusion models [9]–[15].

In this paper, we present R2DM, a novel generative model
for LiDAR data that can generate diverse and high-fidelity
3D scene point clouds. As a framework for building a genera-
tive model, we employ denoising diffusion probabilistic mod-
els (DDPMs) [12], one of the most successful approaches
among diffusion models. DDPMs offer various benefits over
other frameworks, such as training stability, sample quality,
and versatility to inverse problems, as demonstrated in the
wide range of domains. We demonstrate the effectiveness of
DDPMs on generative modeling of LiDAR data.

Similar to the relevant studies [3]–[6], we cast our task as
an image-based generation, wherein LiDAR point clouds are
represented by equirectangular images where each pixel con-
tains pointwise range and the corresponding laser reflectance
values. To gain the performance of DDPMs on LiDAR data,
we first investigate the suitable model design in three aspects:
loss functions, data representation, and spatial inductive bias.
With our designed architecture, R2DM achieves state-of-the-
art generation performance across various levels of metrics,
including point clouds, range images, and bird’s eye views.
Furthermore, the pre-trained R2DM can be applied to LiDAR
completion tasks. We propose a flexible pipeline capable
of handling various types of corruption, including issues
stemming from low-beam LiDAR configurations (see Fig. 1
for instance).
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Our contributions can be summarized as follows:
• We present R2DM (range–reflectance diffusion model),

a DDPM-based generative model capable of generating
diverse and high-fidelity LiDAR range images with a
reflectance modality, which demonstrates state-of-the-
art performances on the KITTI-360 [16] and KITTI-
Raw [17] datasets.

• We provide an in-depth analysis of the effective training
of DDPMs in the LiDAR domain. Our key finding is
that an explicit spatial bias significantly influences the
fidelity of generated samples.

• We also introduce a flexible LiDAR completion pipeline
using powerful properties offered by DDPMs, which
also outperforms baseline methods on the beam-level
upsampling task using KITTI-360.

II. RELATED WORK

A. Generative models

Generative models aim to learn the underlying distribution
of a dataset. During the last decade, the rapid advancements
in deep neural networks have spurred the development of
various frameworks for generative models.

One of the most prominent frameworks is generative ad-
versarial networks (GANs) [8]. A GAN consists of a pair of
competing neural networks: a generator and a discriminator,
which are trained alternately to minimize the adversarial
objective. While GANs are known for their sampling effi-
ciency and high synthesis quality, training instability poses
a challenge due to their competitive nature.

Recently, diffusion models, including score-based gener-
ative models [9]–[11] and denoising diffusion probabilis-
tic models (DDPM) [12]–[15], have garnered substantial
attention, especially in the field of text-to-image genera-
tion [15]. Diffusion models have notable advantages that
have led to significant advancements. Unlike GANs, they
offer stable training with a simple objective function thanks
to the formulation approximating likelihood maximization.
Training diffusion models is also efficient and scalable since
a single neural network suffices to formulate both generative
and inference processes. Moreover, the generative process
is learned as iterative refinement; the task imposed on the
model gets easier. Finally, it is worth noting that pre-trained
models can be adapted to solving inverse problems, such as
colorization, super-resolution, and inpainting [18].

B. LiDAR data generation

Motivated by the progress in the natural image domain,
some studies have tackled generative modeling of LiDAR
data based on the range image-based representation. Cac-
cia et al. [3] initiated pivotal work on this subject, utilizing
VAEs [7] and GANs [8] to train LiDAR range images.
Several studies focused on the discrete dropout noise spread
on the range images, called raydrop. Nakashima and Ku-
razume [4] introduced DUSty, a noise-robust GAN archi-
tecture disentangling the noisy range images into denoised
image space and the corresponding dropout probability.

Building upon the idea of DUSty, Nakashima et al. [5] intro-
duced DUSty v2, a neural field-based architecture capable of
representing range images at arbitrary resolutions. They also
introduced a sim2real application using the learned priors.
Despite the steady improvements, these studies [3]–[5] were
limited to generating the range modality alone.

LiDARGen proposed by Zyrianov et al. [6] is closely
related to our work, which is a diffusion model that trains
both range and reflectance modalities based on the image rep-
resentation. In particular, they employed NCSNv2 [10], one
of the score-based generative models. NCSNv2 expresses the
data distribution p(x) by training the gradient of log prob-
ability ∇x log p(x) involving multi-level noise perturbation,
the so-called score. Sampling data is performed by Langevin
dynamics at stepping-down noise levels. They also proposed
to modify the model architecture, incorporating circulating
kernel operations and introducing a spatial bias. LiDARGen
has demonstrated state-of-the-art results on standard LiDAR
datasets, albeit with only subtle improvements compared
to existing approaches. As addressed in [6], low sampling
efficiency also remains an issue, which is dominated by the
number of sampling timesteps determined when training and
an evaluation cost per step using the neural network.

The aim of this paper is to improve both the fidelity
and efficiency of the diffusion-based approach. Our method
R2DM is built upon the DDPM framework with timestep-
agnostic training and an efficient neural network architecture.
Our experiments reveal that R2DM outperforms LiDARGen
with fewer sampling steps and faster network evaluation.

III. PROPOSED METHOD

To explore the effective DDPM design for LiDAR data,
this section provides the formulation of DDPMs and in-
troduce some modification regarding loss function, data
representation, and spatial inductive bias. Lastly, we also
introduce the LiDAR completion pipeline using our model.

A. Preliminary

In this paper, we employ the DDPM framework that
formulates transitions between data and latent spaces in
continuous time t ∈ [0, 1] [14, 15, 19]. Unlike the discrete-
time diffusion models [9, 10, 12] including LiDARGen [6],
there is no need to carefully define the number of steps in
the training phase, which can be determined in the sampling
phase afterward, balancing computational tradeoffs.

In DDPMs, an inference process is called a forward
diffusion process, which gradually corrupts the data sample x
by adding Gaussian noise as t progresses from 0 to 1, thereby
resulting in the latent variable z ∼ N (0, I). In contrast,
a generative process is called a reverse diffusion process,
which gradually denoise the latent variable z at t = 1 to be
the data sample x at t = 0. The transitional noisy samples
zt for 0 < t < 1 are also considered as the latent variables.
The schematic diagram is depicted in Fig. 2(a).
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(a) Range/reflectance image-based diffusion model (b) Details of the reverse diffusion process

Fig. 2. Overview of R2DM. (a) The diffusion processes are performed on the range/reflectance image representation. (b) U-Net is trained to recursively
denoise the latent variables zt at t > 0, conditioned by the beam angle-based spatial bias and the scheduled signal-to-noise ratio λt.

1) Forward diffusion process: Conveniently, since the
forward diffusion process follows the additive Gaussian, the
noisy samples zt at arbitrary timestep t can be given by:

q(zt | x) = N (αtx, σ
2
t I), (1)

where αt and σt are parameters to determine the noising
schedule. For example, the most popular schedule is α-cosine
schedule [13] where αt = cos(πt/2) and σt = sin(πt/2).
This transition distribution can be re-parameterized as:

zt = αtx+ σtϵ, (2)

where ϵ ∼ N (0, I) and the signal-to-noise ratio of zt can
be defined as λt = α2

t /σ
2
t = cot2(πt/2). In addition, the

transition of latent variables q(zt | zs) from timestep s to t,
for any 0 ≤ s < t ≤ 1, can be written as:

q(zt | zs) = N (αt|szs, σ
2
t|sI), (3)

where αt|s = αt/αs and σ2
t|s = σt − αt|sσs.

2) Reverse diffusion process: Given the distributions
above, the reverse diffusion process p(zs | zt) is given by:

p(zs | zt) = N (µt(x, zt), Σ
2
t I),

µt(x, zt) =
αt|sσ

2
s

σ2
t

zt +
αsσ

2
t|s

σ2
t

x, Σ2
t =

σ2
t|sσ

2
s

σ2
t

.
(4)

3) Training: The training objective of DDPM is to esti-
mate the unknown x in Eq. 4 by a neural network, where
U-Net [20] is generally used. In general, ϵ-prediction and
ϵ-loss [12] are preferable; re-parameterizing x as a function
of noise ϵ by Eq. 2. The loss function is given by:

L = Ex,ϵ∼N (0,I),t∼U(0,1)

[
∥ϵ− ϵ̂(zt, λt)∥22

]
, (5)

where ϵ̂(·) is the neural network predicting the noise ϵ from
zt and the corresponding λt.

4) Sampling: Once the training is complete, we can
sample data by recursively evaluating p(zs | zt) where x
is approximated by x̂ = (zt − σtϵ̂(zt, λt))/αt with a finite
number of steps T from t = 1 to t = 0.

B. Loss function

In Eq. (5), the L2 loss is used to supervise the model
prediction. Meanwhile, in the context of monocular depth
estimation, Saxena et al. [21] found that an L1-based for-
mulation offers better performance due to its robustness to
large depth values and noisy holes. In our experiment, we
also evaluate the L1 loss and the combination of L1 and L2,
the Huber loss.

C. Data representation

We assume a LiDAR sensor that has an angular resolution
of W in azimuth and H in elevation and measures the
range and reflectance at each angle (θ, ϕ). Then, HW sets
of the range and reflectance values can be projected to an
equirectangular image space x ∈ R2×H×W by spherical
projection. Here we focus on the range representation and
compare three approaches. Similar to LiDARGen [6], we
first convert the range d ∈ [0, dmax]

H×W into the log-scale
representation dlog ∈ [0, 1]H×W as follows:

dlog =
log(d+ 1)

log(dmax + 1)
, (6)

where dmax is the maximum range value. dlog is then re-
scaled linearly into [−1, 1] as conventional DDPMs [12].
This log-scale representation gains the resolution of nearby
points filling a large portion of the image. We also compare
other popular representations of depth maps: standard metric
depth d and inverse depth (reciprocal) [4, 5], which are also
normalized into [−1, 1].

D. Spatial inductive bias

The generated pixels must be accurate and well-aligned
with the angular coordinates {(θ, ϕ)} to ensure the geometric
fidelity in transformed point clouds. Since the initial input z
of the neural network ϵ̂(·) is i.i.d. Gaussian noise, an implicit
positional encoding by zero padding [22, 23] is considered
a mainstay for obtaining structured outputs. LiDARGen [6]
proposed concatenating the raw angular coordinates with
the input as an explicit spatial inductive bias. However,
we hypothesize that the coordinates alone, lacking in high-
frequency components and horizontal continuity, are insuffi-
cient for representing detailed structures of LiDAR data.

We here generalize the spatial bias as a positional en-
coding, which can be seen as an identity function in the
LiDARGen case. We further investigate wideband and cylin-
drical mappings: spherical harmonics [24, 25] and Fourier
features [26]. Spherical harmonics represent functions on a
sphere through a series of orthogonal functions, which is
demonstrated in novel view synthesis [24] and LiDAR com-
pression [25]. We encode the angles by spherical harmonic
basis functions. We also compare Fourier features [26].
We employ a log2-spaced scheme [27], which extends the
elevation and azimuth angles separately to a set of power-of-
two frequencies so that the mapping preserves the horizontal
continuity. Fig. 2(b) depicts the mechanism.
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TABLE I
ARCHITECTURE COMPARISON OF DIFFUSION-BASED MODELS

Method U-Net architecture # params msec/step†

LiDARGen [6] RefineNet [31] in [10] 29,694,082 47.17
R2DM (ours) Efficient U-Net [15] 31,099,650 15.77

† Average time of 1000 runs on our GPU w/ PyTorch compilation.

E. Noise prediction model

Following the standard diffusion models [9]–[15], we
use a U-Net architecture [20] to predict the noise ϵ in
Eq. 5. Specifically, our model is built upon Efficient U-
Net [15] which was demonstrated on monocular depth es-
timation [21]. We change the input and output channels
as to process the 2-channel LiDAR imagery: range and
reflectance. A logarithmic signal-to-noise ratio log λt is
embedded into affine weights of every adaptive group nor-
malization (AdaGN) [28]. We adopt three residual blocks at
each resolution and the multi-head self-attention layer at the
lowest resolution. The final model involves 31.1M parame-
ters which was adjusted to roughly align with LiDARGen [6]
with 29.7M parameters for fair comparison. Table I shows
the architecture comparison. All kernel operations, such as
convolution and up/down-resampling, are modified to use
circular padding in the horizontal direction, as demonstrated
in LiDAR processing tasks [4]–[6, 29, 30].

F. LiDAR completion

Lugmayr et al. [18] proposed RePaint, an image inpainting
method that exploits the pre-trained unconditional DDPMs.
In this work, we build a LiDAR completion pipeline by
integrating our R2DM and RePaint. In the sampling phase,
p(zs | zt) in Eq. 4 follows by:

zs = m⊙ zknown
s + (1−m)⊙ zunknown

s , (7)

where m ∈ {0, 1}H×W is a binary mask indicating known
range/reflectance pixels, zknown

s is noised known pixels
sampled by q(zs | x) in Eq. 1, and zunknown

s is denoised
unknown pixels sampled by p(zs | zt) in Eq. 4. Moreover, to
harmonize the gap between the known and unknown diffused
extents, the sampling step above is repeatedly cycled with the
forward diffusion step q(zt | zs) in Eq. 3. We set the number
of sampling steps to 32 and the number of harmonization for
each step to 10. Fig. 3 showcases our results on the beam-
level, point-level, and object-level simulated corruptions.

IV. EXPERIMENTS

We evaluate our method on a generation task in Section IV-
A and a completion task in Section IV-B.

A. Generation task

1) Settings: To evaluate performances on the uncondi-
tional generation task, we use the KITTI-360 dataset [16].
KITTI-360 consists of 81,106 point clouds measured by
Velodyne HDL-64E (64-beam mechanical LiDAR sensor).
The data splits are from Zyrizanov et al. [6]. Each of the
point clouds is projected to a 64×1024 image. We compare

8/64 beams 90% dropout road removal

Input

Output

GT

Fig. 3. Conditional generation using R2DM. We showcase the simulated
corruptions (top) and our restored results (middle). Our method can handle
the various levels of completion. The road removal (right) mimics the wet
road situation.

different configurations of DDPM in terms of the loss func-
tions, the range representations, and the positional encoding
methods, as discussed in Section III. Table II lists a series of
our training configurations (config A–H). As the baseline, we
compare with the state-of-the-art method, LiDARGen1 [6].
We also compare the GAN-based methods [3]–[5] using the
KITTI-Raw dataset [17]. Following the baselines, we employ
the data splits from the Odometry benchmark [17] and the
scan unfolding projection [32]. Note that, in this setting, the
point cloud is first projected to a full resolution of 64×2048
and then subsampled to 64× 512.

2) Implementation details: Our models were trained in
300k steps while calculating an exponential moving average
of model weights with a decay rate of 0.995 per every 10
steps. We performed a distributed training with automatic
mixed precision (AMP) on two NVIDIA A6000 GPUs.
Note that we did not use AMP for LiDARGen to avoid
performance degradation. Our model took approximately 20
GPU hours for training, and 30 GPU hours for generating
10k samples in 1024 denoising steps. Our code and pre-
trained weights are available at https://github.com/
kazuto1011/r2dm.

3) Evaluation metrics: For the generation task, we com-
pute three levels of distributional dissimilarity metrics em-
ployed in the LiDAR domain [5, 6], between 10k generated
samples and all available real samples.

• Image-based: Following the baseline [6], we employ
Fréchet range distance (FRD) for evaluating range and
reflectance images. The images are first fed into the
off-the-shelf RangeNet-53 [33] pre-trained a 19-class
semantic segmentation task on SemanticKITTI [34].
Then, FRD calculates the Fréchet distance [35] between
the generated and real sets on the feature space.

1We do not borrow the scores on the proceedings [6] but re-evaluate
with the larger samples officially published at https://github.com/
vzyrianov/lidargen.
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TABLE II
QUANTITATIVE COMPARISON OF KITTI-360 GENERATION.

Configurations‡ Image Point cloud BEV

Method (Framework) NFE Loss Range Positional encoding FRD ↓ FPD ↓ MMD×104 ↓ JSD×102 ↓

LiDARGen (NCSNv2) [6] 1160† L2 Log-scale Identity 579.39 90.29 7.39 7.38

Ours (DDPM) config A 256 L2 Log-scale Identity 202.40 7.11 1.67 4.52
config B 256 L1 Log-scale Identity 382.35 21.42 7.70 8.28
config C 256 Huber Log-scale Identity 174.83 11.20 1.55 4.71
config D 256 L2 Metric Identity 229.28 12.03 1.47 4.01
config E 256 L2 Inverse Identity 188.84 19.66 1.85 3.12
config F 256 L2 Log-scale w/o spatial bias 910.67 253.21 40.45 18.05
config G 256 L2 Log-scale Spherical harmonics 180.60 4.90 2.18 4.12
config H 256 L2 Log-scale Fourier features 153.73 3.92 0.68 2.17

† Five steps for each of the 232 noise levels. ‡ The shaded cells indicate the differences from config A.

• Point cloud-based: LiDAR range images can be trans-
formed back to 3D point clouds. Following the base-
line [5], we also evaluate on the level of point clouds
with the Fréchet point cloud distance (FPD) [36]. FPD
uses PointNet [37] pre-trained a 16-class classification
task on ShapeNet [38] and calculates the Fréchet dis-
tance on the feature space like FRD.

• BEV-based: Following the baseline [6], we also evaluate
on the level of 2D bird’s eye view (BEV) [6] projected
from the point clouds. We report the Jensen–Shannon
divergence (JSD) and maximum-mean discrepancy
(MMD), calculating the distance between the marginal
point distributions on the 2D BEV histograms.

4) Baseline results: First, we compare LiDARGen [6]
and our closest setup (DDPM config A). Fig. 4 shows
the four evaluation scores as functions of the number of
function evaluations (NFE)2. For sampling of our DDPM,
we swept T in {16, 32, 64, 128, 256, 512, 1024}. Intuitively,
all scores of the DDPM improve as T increases. Moreover,
the DDPM outperformed LiDARGen with significantly lower
NFE. Considering the tradeoff between computational time
and quality, we will use T = 256 for our DDPMs in the
following experiments, unless otherwise specified.

5) Ablations: Comparing config A and B in Table II, we
can see that L1 loss is not effective for our settings. We
observed that samples of config B is overly smoothed due
to the less sensitivity of L1 loss. Huber loss (config C), the
combination of L1 and L2, showed the marginal improve-
ments only on FRD and MMD. Regarding the representation
of the range modality, the metric depth (config D) and the
inverse depth (config E) improved some metrics, while they
harmed FPD. Finally, our model with the positional encoding
of Fourier features (config H) shows the best results with the
large gaps from the other configurations. Without the spatial
bias (config F), DDPM degrades all the metrics, even worse
than the baseline. We hereinafter call config H as R2DM.

6) Comparison to GANs: Table III compares our R2DM
and GANs. When increasing the number of timestep T from
the default setting (T = 256), R2DM outperforms the base-

2NFE represents how many times the neural network is processed in
sampling. For LiDARGen (NCSNv2), we count up the number of sampling
steps for each noise level, which is 1160 steps in total.
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Fig. 4. Comparison of diffusion-based methods. For overall metrics,
our method achieved better scores with the significantly lower number of
function evaluations (NFE), against 1160 steps of LiDARGen [6].

TABLE III
QUANTITATIVE COMPARISON ON KITTI-RAW GENERATION.

Image Point cloud BEV

Method FRD ↓ FPD ↓ MMD×104 ↓ JSD×102 ↓

Vanilla GAN [3, 4] N/A 3657.60 1.02 5.03
DUSty v1 [4] N/A 223.63 0.80 2.87
DUSty v2 [5] N/A 98.02 0.22 2.86

R2DM (T = 256) 215.27 128.74 0.72 3.79
R2DM (T = 512) 209.24 89.62 0.65 3.76
R2DM (T = 1024) 207.31 70.34 0.44 3.56

FRD is not available for the baselines [4, 5] which do not support the reflectance.

line in FPD. We believe that the performance gap with the
KITTI-360 experiment lies in the setup of range images. In
KITTI-360 experiments, the range images were downscaled
to alleviate missing points called ray-drop noises. In contrast,
the range images of KITTI-Raw were also downscaled but
the ray-drop noises were retained to be closer to raw scan
data. It is considered that there is room for further ingenuity
to handle noisy settings, such as full resolution.

7) Qualitative results: Fig. 5 shows the generated samples
of KITTI-360 and KITTI-Raw. We compare the real data,
the baseline, and our method. We can see that our method
realizes high-fidelity structures of LiDAR point clouds both
locally and globally. For instance, regarding the scan lines
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Fig. 5. Unconditional generation results. We show the results of the baselines and our method on KITTI-360 (top) and KITTI-Raw (bottom). The
LiDARGen results are from officially released samples [6]. The DUSty v2 results are generated using the official pre-trained models [5].

(zoomed regions in Fig. 5), our results are less noisy and
close to the real data compared to the baselines.

B. Completion task

1) Settings: Following LiDARGen [6], we conduct a
beam-level 4× upsampling experiment on KITTI-360 to
assess the completion method described in Section III-F.
We simulate the sparse input by subsampling every four
horizontal scan lines. We compare our method with sim-
ple interpolation methods (nearest-neighbor, bilinear, bicu-
bic), simulation-based supervised methods (LiDAR-SR [39],
ILN [40]) trained on the CARLA simulator [41], and the
diffusion model-based approach LiDARGen [6]. LiDARGen
leverages posterior sampling of score-based generative mod-
els, that is, guiding the scores in Langevin dynamics based
on the errors of known pixels.

2) Quantitative results: To evaluate point-wise recon-
struction performance, we compute mean absolute error
(MAE) for both range and reflectance modalities. Further-
more, we evaluate semantic consistency by calculating the
intersection-over-union (IoU, %) between the segmentation
labels of upsampled and ground truth data. These labels
are predicted using the pre-trained RangeNet-53 model [33].
We use ground-truth reflectance as an upper bound for the
simulation-based methods, which do not support reflectance
modality. The evaluation results are shown in Table IV. Our
R2DM outperforms the baselines for all evaluation metrics
with large margins.

3) Qualitative results: We provide the results of upsam-
pling and semantic segmentation in Fig. 6. Compared to the
baseline, our method shows better fidelity and consistency
on the point clouds and the predicted classes.

V. CONCLUSIONS

We proposed R2DM, a denoising diffusion probabilistic
model for realistic LiDAR range/reflectance generation based

TABLE IV
BEAM-LEVEL 4× UPSAMPLING ON KITTI-360 TEST SET.

Range Reflectance Semantics

Approach Method MAE ↓ MAE ↓ IoU % ↑

Interpolation
Nearest-neighbor 2.083 0.106 18.78
Bilinear 2.110 0.101 18.17
Bicubic 2.297 0.108 18.54

Supervised LiDAR-SR [39] 2.085 N/A 21.61
ILN [40] 2.237 N/A 21.80

Diffusion LiDARGen [6] 1.551 0.080 22.46
R2DM + RePaint [18] 0.923 0.050 34.44

Sparse input LiDARGen [6] R2DM (ours) GT

Fig. 6. Beam-level upsampling results on KITTI-360. We compare the
upsampled point clouds (top) and the semantic segmentation results (bottom)
between the diffusion-based methods. The semantic segmentation results are
color-coded according to the predicted classes.

on the image representation. R2DM achieved the state-
of-the-art performance with the lower computational cost
against the baseline. Our exploration of the effective model
revealed that the fidelity in point clouds can be significantly
improved by introducing the explicit spatial bias with Fourier
features. Furthermore, we proposed a completion pipeline
that leveraged the pre-trained R2DM and demonstrated the
beam-level upsampling task. Future work involves investi-
gating model scalability, noise-robust training, and further
applications to perception tasks.
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