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Figure 1. L3DR effectively rectifies LiDAR range-view (RV) diffusion artifacts by selectively ignoring anomalous training regions.

(a) Depth bleeding creates fake points between the foreground vehicle and the background. (b) Wavy surfaces and rounded edges synthe-

sized by RV diffusion are straightened and sharpened after rectification. (c) Anomalous regions in training data pairs, e.g., a diffusion-

generated wall perpendicular to ground truth (GT), can overshadow RV artifacts and hijack artifact removal task; these are suppressed with

the Welsch Loss (see section 4.3). Generated and rectified point clouds are colored while GT point clouds are in gray.

Abstract

Range-view (RV) based LiDAR diffusion has recently made

huge strides towards 2D photo-realism. However, it ne-

glects 3D geometry realism and often generates various RV

artifacts such as depth bleeding and wavy surfaces. We de-

sign L3DR, a 3D-aware LiDAR Diffusion and Rectification

framework that can regress and cancel RV artifacts in 3D

space and restore local geometry accurately. Our theo-

retical and empirical analysis reveals that 3D models are

inherently superior to 2D models in generating sharp and

authentic boundaries. Leveraging such analysis, we design

a 3D residual regression network that rectifies RV artifacts

and achieves superb geometry realism by predicting point-

level offsets in 3D space. On top of that, we design a Welsch

Loss that helps focus on local geometry and ignore anoma-

lous regions effectively. Extensive experiments over multi-

ple benchmarks including KITTI, KITTI360, nuScenes and

Waymo show that the proposed L3DR achieves state-of-the-

art generation and superior geometry-realism consistently.

In addition, L3DR is generally applicable to different Li-

DAR diffusion models with little computational overhead.

1. Introduction

Point clouds captured by LiDARs (Light Detection and

Ranging) are the cornerstone of outdoor 3D computer vi-

sion, facilitating various perception tasks such as detection

[18, 54], segmentation [48], tracking [37, 45], and SLAM

[25, 26]. Though they offer superior perception capabil-

ities and safety guarantees for self-driving vehicles, col-

lecting large-scale LiDAR point clouds is prohibitive in

terms of sensor procurement, intensive human labour in-

volved [4, 40], etc. Automated generation of high-quality

point clouds has thus become a critical factor for extensive

adoption of LiDAR data in various 3D perception tasks.

To this end, a practical LiDAR point cloud generation

method must achieve 1) realism in global layout that accu-

rately recreates the coarse-grained global depth distribution

on the range view (RV) representation, 2) realism in local

geometry that perfectly replicates fine-grained local geome-

tries such as self-occlusion, and 3) light computational over-

head which empowers cost-efficient data generation.

Inspired by the massive success of Diffusion Models
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(DMs) [38] featured by Stable-diffusion [35] and Control-

Net [51] in image generation, a line of research pioneered

by LiDARGen [56] has extended image-based DMs for

generating layout-realistic point clouds in the RV repre-

sentation. However, although RV enables DM-based point

cloud generation by projecting 3D point clouds to 2D im-

ages, it hinders accurate discernment of sparsity and self-

occlusion in the 3D space which directly leads to various

range-view artifacts such as depth bleeding and wavy sur-

faces. As depicted in Figure 1(a), even realistic RV images

can have serious depth bleeding artifacts, a phenomenon

of errorneous depth continuity near edges. Additionally,

since 3D plain surfaces are projected onto sinusoidal sur-

faces in images, LiDAR DMs tend to produce suboptimal

3D geometry-realism with wavy surfaces and round corners

as illustrated in Figure 1 (b). These artifacts greatly under-

mine the realism of the generated 3D point clouds.

This paper presents L3DR, a 3D-aware LiDAR Diffu-

sion and Rectification framework that generates geometri-

cally realistic point clouds by rectifying the back-projected

3D coordinates of diffusion-generated RV images. L3DR

works by tackling two challenges. The first is on train-

ing data for training a residual regression network (RRN)

to rectify 3D coordinates. Unlike normal diffusion train-

ing data that can be obtained by adding noises to the in-

put data, RV artifacts exhibit irregular occurrence with lit-

tle explicit distributions. We therefore introduce semantic-

conditioned LiDAR diffusion to generate point clouds and

their ground-truth (GT). Thanks to the powerful conditional

diffusion models, the obtained data are structurally simi-

lar yet imbued with RV artifacts, making them perfect for

training the regression network. The second is on training

loss. Due to anomalous regions scattered across the train-

ing data as illustrated in Figure 1 (c), minimizing residual

regression errors with L1/L2 loss may over-attend to the

anomalous regions and neglect local geometries. We thus

introduce Welsch Loss to guide the network to ignore high-

bias regions and focus on local geometry artifacts, leading

to superior geometry realism in the generated point clouds.

The contributions of this work can be summarized in

three major aspects:

• We propose a 3D-aware LiDAR Diffusion and Rectifica-

tion framework that rectifies RV geometry artifacts with

a 3D residual regression network and achieves superb re-

alism in both global layout and local geometry.

• We introduce the Welsch Loss that helps pass over high-

bias regions in the training data and achieves high-quality

residual regression over local geometry artifacts, lead-

ing to superior geometry realism in the generated point

clouds.

• Extensive experiments on SemanticKITTI [1, 10],

KITTI360 [20], nuScenes [4], and Waymo Open Dataset

[40] show that the proposed L3DR framework outper-

forms the state-of-the-art consistently with negligible ad-

ditional computation cost.

2. Related Work

2.1. Diffusion Models

Diffusion models (DMs) [8, 14, 15, 38, 39] comprise a

prominent line of contemporary image synthesis methods.

Following the early success of Jascha et al. [38], DMs have

demonstrated superior scalability [32, 33, 35], along with

various ways to control the image content [51, 52]. DMs

have garnered increasing attention due to several advan-

tages over other image synthesis methods like Generative

Adversarial Network (GAN) [11] and Variational Autoen-

coder (VAE) [17]. Firstly, DMs are far more capable than

VAEs due to their multi-step denoising process being able

to provide larger effective model capacity with limited pa-

rameters. Secondly, thanks to the simple but robust loss

function, DMs are not prone to mode collapse which haunts

GANs. The great success of image diffusion has recently

inspired several LiDAR diffusion models [3, 56]. There-

fore, we choose to continue on the line of diffusion models

for LiDAR generation task.

2.2. LiDAR Generation

Range view generation. RV-based generation [3, 13, 16,

23, 27–30, 34, 56] converts point clouds into depth images

where the height represents elevation and width represents

azimuth. Caccia et al. [3] pioneer this line of research to

generate RV images with GAN and VAE. DUSty [27] im-

proves GAN-based generation by estimating disentangled

depth and ray-drop probabilities, and the later DUStyV2

[29] further decomposes spatial resolution with latent codes

to enable LiDAR parameter manipulation. LiDARGen [56]

first exploits diffusion models on RV-based point cloud gen-

eration. R2DM [28] applies explicit positional encoding

on range-reflectance images to improve generation quality.

LidarGRIT [13] improves latent denoising with an image

transformer and raydrop estimation. RangeLDM [16] intro-

duces height offsets of lasers to correct traditional spheri-

cal RV projection. LiDM [34] enables image, text, and se-

mantic conditioned point cloud generation with curve-wise

compression. OLiDM [49] improves object generation with

a two-stage object-scene diffusion cascade. However, these

RV methods all rely on depth images instead of actual 3D

geometry, leading to inaccurate local geometries in the gen-

erated point clouds.

Re-sampled LiDAR from 3D representations. This line

of LiDAR data generation methods first generates a scene

representation, often from multi-modal data with map con-

ditions, and then samples LiDAR point clouds by simulat-

ing the laser reflection process. For example, LidarDM [57]
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leverages explicit scene-level and object-level mesh diffu-

sion, then re-sample novel LiDAR point clouds with ray

casting. DynamicCity [2] leverages a novel statio-temporal

4D representation called HexPlane, from which they diffuse

novel occupancy map videos. UniScene [19] further re-

casts point clouds from occupancy videos with prior guided

sampling. While achieving incredible visual authenticity

and temporal consistency, these methods are notoriously

resource-hungry, rendering them less economical for Li-

DAR data generation.

3. Pilot Study

This section presents whether 2D diffusion models are in-

herently worse at generating smooth object borders than 3D

models. We first introduce the preliminaries on diffusion

and deduce a theoretical upper bound for RV gradients as

generated by 2D models and 3D models, respectively. We

validate our claim with actual gradient distributions of 2D-

and 3D-rectified RV images.

3.1. Preliminaries

Diffusion models. Diffusion models generate images by

reversing a gradual noise-adding process [38]. The core

idea is to corrupt a complex image distribution into a Gaus-

sian noise distribution in the forward process, and learn the

reverse process to generate new image samples.

Forward process. Given a data sample x0 ∈ R
u×v, x0 ∼

q(x0) which represents the target distribution, the forward

process gradually adds Gaussian noise over T steps accord-

ing to a fixed schedule:

q(xt | x0) = N (xt;
√
ᾱt x0, (1− ᾱt) I), (1)

where αt ∈ (0, 1) are predefined noise scales and ᾱt =
∏t

s=1 αs. This process defines a sequence x1, x2, . . . , xT
where xT is approximately standard Gaussian.

Reverse sampling process. The goal is to learn a reverse

process pθ(xt−1 | xt) that reconstructs clean samples start-

ing from Gaussian noise:

pθ(xt−1 | xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)). (2)

Typically, a model is trained to predict the added noise ϵ,
and then restore the image using Equation 2.

3.2. Theoretical Analysis

We provide Theorem 1 where a constant bound can be de-

rived for the image gradient in DDIM-sampled images. We

then provide a proof sketch, while the full proof is placed in

Appendix Sec. A.2.
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Figure 2. Empirical validation of Theorem 1. The graph shows

the distribution of ∥∇x∥ for GT, vanilla RV diffusion, and our

rectified RV, including the corresponding Jensen-Shannon Diver-

gence (JSD) w.r.t. the GT.

Theorem 1. Given the assumption that diffusion UNets

are Lipschitz continuous, the output image x0 generated by

DDIM is locally Lipschitz continuous with respect to the

input noise xT . Moreover, the spatial gradient of x0 is

bounded:

∥∇x0∥ ≤ L for some constant L ∈ R

Proof sketch. Given the assumption that diffusion mod-

els are Lipschitz, and the scalar operations in DDIM are

also Lipschitz with finite input parameters and scalar op-

erations, their composition as the diffusion process is also

Lipschitz with some constant L.

Corollary 1. As a result of Lipschitz continuity throughout

the DDIM sampling process, the generated image in theory

cannot exhibit arbitrarily sharp spatial transitions. There-

fore, DDIM outputs are smooth, with softly transitioned ob-

ject boundaries.

Corollary 2. A vital prerequisite for Theorem 1, spatial

Lipschitz continuity measured in RV image, does not hold

when the model itself is a 3D model which accepts back-

projected point cloud from an RV image. While 3D mod-

els are still generally Lipschitz, the spatial proximity of a

point is defined in 3D rather than 2D, adding an additional

dimension of limitation. WLOG, we denote the Lipschitz

constant for the 3D RRN model as L3D and an RV image

rectified with a 3D network as x3d. Suppose two adjacent

pixels before 3D rectification have a depth difference of ∆d,

then we have ∥∇x3d∥ ≤ L3D × ∆d which is unbounded.

We interpret that if ∆d is large enough, then these two ad-

jacent pixels are out of the effective receptive field (ERF)

in 3D operations such as Sparse Convolution or Local At-

tention, and therefore can generate arbitrarily sharp image

borders.
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Figure 3. The training pipeline of the proposed L3DR framework. In the LiDAR diffusion training stage, generated and ground-truth

point cloud pairs are collected using semantic-conditioned LiDAR diffusion. In the residual regression training stage, such data pairs are

employed to train a 3D network to remove RV artifacts present in the residuals to improve generation quality.

3.3. Empirical Analysis

To validate that 3D models generate sharper borders than

image diffusion models, we plot the empirical distribution

of image gradient length ∥∇x∥ for the GT point clouds,

vanilla LiDM RV outputs, and our rectified LiDM outputs

in Figure 2. We remove the dominant ∥∇x∥ ≤ 0.3m on pla-

nar regions and rare ∥∇x∥ ≥ 10m which exceed network

ERFs, so that we can compare the remaining geometry-

related gradients. According to the figure, range view gen-

erated images have lower ∥∇x∥ compared to the ground

truth due to the inherent smoothness of diffusion-generated

images. However, we are able to restore such sharp borders

with the rectification network, which increases overall aver-

age image sharpness and reduces JSD from 0.222 to 0.176.

We conclude that 3D models generate sharper object bor-

ders than 2D models, thus being preferable for rectification

of 2D image diffusion results.

4. Method

Figure 3 shows the L3DR framework which involves two

training stages. In the LiDAR diffusion training, we lever-

age the RV representation to train a LiDAR diffusion model

with conditional semantic input. The diffusion model gen-

erates RV point clouds and the corresponding ground-truth.

In the residual regression training, we apply such data pairs

to train a 3D residual regression network (RRN) that recti-

fies RV artifacts under the supervision of Welsch Loss.

4.1. Range View Projection

Range view projection (RVP) and reverse range view pro-

jection (RRVP) are the key components that connects RV

images with point clouds. Given a point cloud P ∈ R
N×3

consisting of N points in Euclidean coordinates and a

range-view depth image x ∈ R
u×v , the range view projec-

tion converts a point (px, py, pz)
⊺ ∈ P into a pixel (ui, vi)

⊺

with depth value di:

(

ui
vi

)

=

(

σu arctan
(

pz

/√

(p2x + p2y)
)

,

−σv arctan(px/py),

)

di =
√

(p2x + p2y + p2z)

(3)

Where σu, σv are pixels per radian in elevation and azimuth

directions, respectively. They are usually anisotropic, i.e.,

the vertical resolution is sparse while horizontal resolution

is dense. For LiDARs with non-equally angled lasers, σu
can be a function of elevation. Similarly, the reverse range

view projection converts a pixel (ui, vi) with depth di into

a point (px, py, pz)
⊺:





px
py
pz



 =





di cos(ui/σu) cos(vi/σv),
−di cos(ui/σu) sin(vi/σv),

di sin(ui/σu).



 , (4)

Note that RRVP is lossless but RVP is lossful, because

multiple points may be projected to the same pixel. Empiri-

cally, RVP is lossless when the point cloud projection struc-

ture is preserved and RV image size is equal to or larger

than the laser angular resolution.

4.2. LiDAR Diffusion Training

In order to generate ground-truth and diffusion-generated

point cloud pairs for the following training stage, we re-

train a state-of-the-art conditional LiDAR diffusion model,

LiDM [34], on KITTI, nuScenes, and WOD to generate Li-

DAR point clouds based on segmentation map as a condi-

tion. Specifically, the RV image is first compressed with a

VQ-VAE [44], then a classical diffusion UNet is leveraged

to predict Gaussian noise added in the compressed latent

space. To enable conditional generation, a down-sampled

segmentation color map is appended to latent space as con-

trol input. We collect the ground-truth RV xgt and corre-

sponding generated xgen after convergence to provide train-

ing data for the next stage.

We highlight the importance of LiDM due to its capabil-

ity to generate point clouds that match closely with ground
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Figure 4. Visualization of two types of errors in RRN training data. While the generated point clouds (colored) approximate the GT

(gray) in most of the regions with high-variance errors, i.e., RV artifacts as highlighted with green dotted lines, there are also regions with

high-bias errors which impede training, including (1) shifted walls, (2) random points on the leaves where laser hits are hard to predict,

and (3) isolated chunks with consistent depth error. These bias-dominated regions are harmful for RRN training.
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Figure 5. The inference pipeline of the proposed L3DR.

truths, and yet remain imbued with RV artifacts on a limited

scale, as depicted in Figure 4. However, we also highlight

that our framework is general and not restricted to LiDM,

given that an alternative LiDAR diffusion method can gen-

erate such closely approximated point cloud pairs.

4.3. Residual Regression Training

Pipeline. After obtaining a generated point cloud, we feed

it into a 3D backbone named Residual Regression Net-

work (RRN) to accurately regress and cancel out the hidden

RV artifacts to achieve better geometry-realism. Specif-

ically, we first obtain the generated point cloud Pgen =
RRVP(xgen) through reverse range view projection. Then,

Pgen is fed into a 3D backbone F : R
N×k → R

N×3

to obtain 3D offsets O = F(Pgen). For a normal un-

conditional 3D RRN, k = 3 which represents the in-

put point coordinates; otherwise, k = 6 which accepts

both the coordinates and a semantic color map. Finally,

we project the output offsets onto the radial directions of

the original point cloud to obtain the final residuals Ô =
Pgendiag(PgenO

⊺)
/√

diag(PgenP
⊺

gen).

Decomposition of the learning objective. From a

bias–variance decomposition viewpoint, bias measures the

consistent deviation between the diffusion-generated depth

and the ground truth, while variance captures variable RV

artifacts, as depicted in Figure 4. High bias errors natu-

rally emerge in large chunks sharing the same segmentation

class, i.e., insufficient semantic constraints introduce unre-

alistic yet coherent hallucinations such as a flat wall being

interpreted as slanted or a tree as distant rather than nearby.

These errors are particularly harmful to geometry correc-

tion since the residuals stem from biased interpretation of

the scene rather than stochastic RV artifact error. More dis-

cussion is given in section A.7.

Although high-bias and high-variance errors often coex-

ist, RV artifacts possess much smaller error magnitude com-

pared to high-bias errors. This distinction enables a soft

separation of bias- and variance-dominated regions based

on residual magnitude, which inspires the introduction of

the Welsch loss to suppress large, bias-driven deviations.

Loss function. After obtaining the model output and GT,

we propose Welsch Loss to remove the effect of erratic

high-bias areas in training data to focus on rectifying high-

variance RV artifacts. Specifically, Welsch’s Function is de-

fined as:

ψν(x) = 1− exp

(

− x2

(2ν2)

)

(5)

Which is an upside-down bell curve and ν > 0 is a width

parameter. We then define the RRN loss function as:

LRRN = mean
(

ψν

(

RVP(Pgen + Ô)− xgt
)

)

(6)

Where RVP(·) denotes range view projection, and mean(·)
is the average operation. We choose the suitable ν for all

datasets and fix them for other experiments.

4.4. Diffusion­agnostic Inference

During inference, because the RRN has been well trained

to remove RV artifacts, the diffusion model can be re-

placed with arbitrary LiDAR diffusion model, as de-

picted in Figure 5. Empirically, the RRN can gen-

eralize to arbitrary unseen unconditional diffusion net-
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Perceptual Distributional

Task Method FSVD↓ FPVD↓ JSD↓ MMD×10(−4) ↓

KITTI360

Unconditional

LiDARGAN [3] 183.4 168.1 0.272 4.74

LiDARVAE [3] 129.9 105.8 0.237 7.07

ProjectedGAN [36] 44.7 33.4 0.188 2.88

UltraLiDAR [47] 72.1 66.6 0.747 17.12

LiDARGen(1160s) [56] 39.2 33.4 0.188 2.88

LiDARGen(50s) [56] 480.6 400.7 0.506 9.91

LDM(50s) [35] 70.7 61.9 0.236 5.06

R2DM(50s) [28] 36.8 30.9 0.168 2.92

LiDM(50s) [34] 38.8 29.0 0.211 3.84

Ours-R2DM 35.9 28.2 0.165 2.90

∆ Increment w.r.t. R2DM +2.4% +8.7% +1.8% +0.7%

Ours-LiDM 35.8 26.1 0.182 3.27

∆ Increment w.r.t. LiDM +7.7% +10.0% +13.7% +14.8%

nuScenes

Conditional

LiDM [34] 86.6 74.8 0.145 2.81

Ours-LiDM-Sem 81.3 67.0 0.133 2.72

∆ Increment w.r.t. LiDM +6.12% +10.43% +8.28% +3.20%

Waymo

Conditional

LiDM [34] 21.4 21.9 0.104 1.30

Ours-LiDM-Sem 18.3 20.3 0.086 1.25

∆ Increment w.r.t. LiDM +14.49% +7.31% +17.31% +3.85%

Table 1. Benchmarking of unconditional generation on KITTI360 and semantic-conditioned generation on nuScenes and Waymo. For the

semantic-conditioned experiments, RRN takes segmentation map as additional input for optimal performance. Gray areas highlight direct

comparisons with the baselines.

works even if the RRN is only trained on segmentation-

conditioned data generated by LiDM. Specifically, during

inference, we generate novel x′gen with arbitrary LiDAR

diffusion model, project RV into a point cloud P ′

gen =

RRVP(x′gen), calculate the point wise residual Ô′ =

P ′

gendiag(P
′

genF(P
′

gen)
⊺)
/

√

diag(P ′

genP
′⊺

gen), and obtain

the final rectified point cloud P ′

ref = P ′

gen + Ô′.

5. Experiments

5.1. Main Results

In this section, we first introduce our experiment setup, then

report the generation metrics in Table 1-2 and provide visu-

alization in Figure 6-7. Module ablation and time analy-

sis are listed in Table 3-4. Ablation on other datasets and

a parameter tuning experiment can be found in Appendix

Sec. A.5.

5.2. Experiment Setup

Datasets. We train and evaluate our method on Se-

manticKITTI [1, 10], KITTI360 [20], nuScenes [4], and

Waymo Open Dataset [40]. All datasets are split into train-

validation-test according to official recommendations. We

generate RRN training data by conditional LiDM inference

on training set conditions, i.e., segmentation maps, and re-

port the metrics of the last-epoch model on validation set.

Metrics. We report both perceptual metrics including the

Fréchet Sparse Volume Distance (FSVD) and Frećhet Point

Voxel Distance (FPVD) proposed by [34], and conventional

distributional metrics, Jensen-Shannon Divergence (JSD)

and Minimum Matching Distance (MMD).

Training. Our diffusion model processes depth values

of size without logarithmic scaling. For 64-laser KITTI

and Waymo, we naturally designate the RV image size

as (64, 1024). However, we discover that adopting a

(32, 1024) image size on the 32-laser nuScenes leads to

network divergence, and that LiDM [34] did not open-

source its nuScenes config. We solve this problem by over-

provisioning the RV image size to (64, 1024) for nuScenes,

which stabilizes training without affecting generation qual-

ity as discussed in Section 4.1. We hypothesize that a large-

enough image size is vital to training dynamics. All net-

works are trained with 4× RTX 4090 24G up to 150 epochs.

KITTI unconditional generation. We compare our

L3DR method with existing LIDAR generation methods on

KITTI unconditional generation task in upper half of Table

1. Unconditional R2DM and LiDM are adopted as the first-

stage diffusion model for L3DR. With the powerful capabil-

ity of removing RV artifacts, L3DR sets a new state-of-the-

art, achieving 35.8(∆7.7%) FSVD, 26.1(∆10.0%) FPVD,
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Semantic-Map-Conditioned Front-Image-Conditioned

Method FSVD↓ FPVD↓ JSD↓ MMD×10(−4) ↓ FSVD↓ FPVD↓ JSD↓ MMD×10(−4) ↓
LiDARGen 31.7 30.1 0.130 5.18 - - - -

LDM 21.3 20.3 0.088 3.73 35.9 26.5 0.26 3.80

LiDM 20.2 17.7 0.072 3.16 32.5 25.8 0.21 3.69

Ours 20.4 15.0 0.070 1.69 33.6 24.9 0.18 3.30

∆ Inc. -1.0% +15.3% +2.8% +46.5% -3.4% +3.5% +12.2% +10.6%

Ours-Sem 15.8 12.9 0.070 1.50 - - - -

∆ Inc. +21.8% +27.1% +2.8% +52.5% - - - -

Table 2. Comparison of conditional LiDAR point cloud generation on SemanticKITTI and KITTI360. Gray areas highlight direct

comparisons with the baseline, LiDM. ‘Ours-Sem’ denotes our method with segmentation input to the RRN.
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Figure 6. Visualization of conditional generation on SemanticKITTI. Cyan regions highlight the improved RV artifacts from the

diffusion-generated (i.e., denoised) data to our rectified data, such as depth bleeding and wavy surfaces.

and 0.182(∆13.7%) JSD, greatly surpassing the baseline

method LiDM. Similar results are also observed when a

non-latent diffusion method R2DM is applied, which sig-

nals the general applicability of our L3DR framework,

achieving the best JSD of 0.165(δ1.8%). While L3DR does

not top the MMD metric, our method still provides a av-

erage 7.3% improvement, and is comparable to the best-

performing ProjectedGAN which scores 2.88. We con-

clude that L3DR achieves state-of-the-art global photo- and

geometry-realism on unconditional LiDAR generation task.

KITTI conditional generation. We compare L3DR with

conditional LIDAR generation methods on both Se-

manticKITTI and KITTI360, respectively in table 2. L3DR

again achieved better performance compared to the base-

lines, gaining 15.0(∆15.3%) FPVD, 0.07(∆2.8%) JSD,

and an astonishing 1.69 × 10−4(∆46.5%) MMD on Se-

manticKITTI, and 24.9(∆3.5%) FPVD, 0.18(∆12.2%)
JSD, and 3.3×10−4(∆10.6%) MMD on KITTI360. Mean-

while, L3DR with semantic-map input improves generation

quality consistently, providing further 10.2% average per-

formance boost on all metrics upon raw L3DR. We con-

clude that L3DR significantly improves conditional genera-

tion capability compared to the baselines.

Performance on other datasets. We examine the

semantic-conditioned generation metrics of our L3DR

method on nuScenes and Waymo, in the lower half of Table

1. L3DR exhibits consistent improvements on all datasets,

improving all metrics by an average of 11.6% and 7.0% on

nuScenes and Waymo conditional generation, respectively.

We conclude that L3DR is widely applicable and sets new

state-of-the-arts on the nuScenes and Waymo semantic-

conditioned generation tasks.

5.3. Other Results

Ablation. We ablate various components of the L3DR

framework, including the backbone architecture between

SPUNET [7] and PTV3 [46], loss choice, the usage of

semantic-map input in RRN, and a 2D RRN instead of 3D

RRN. We calculated metrics with voxelized GT instead of

original GT for fast evaluation, which results in slightly dif-

ferent figures. As listed in Table 3, applying MSE Loss

generally deteriorates performance compared to baseline,

with FSVD and FPVD almost doubling from 18.3, 15.3
to 26.3, 25.1 for SPUNET and 42.4, 42.6 for PTV3. The

best overall performance attributes to SPUNET with Welsch

loss and semantic-map input. Additionally, substituting 3D

UNet with a 2D Image Unet brings considerable degrada-

tion on all metrics. We default to SPUNET and Welsch Loss

for all other experiments.
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Configurations Perceptual Statistical

Backbone Loss RRN Sem. Input FSVD↓ FPVD↓ JSD×10(−2) ↓ MMD×10(−5) ↓
/ (baseline) / - 18.3 15.3 7.1 16.2

SPUNet Welsch - 16.4 12.1 6.7 16.7

SPUNet MSE - 26.3 25.1 7.0 12.6

SPUNet Welsch ✓ 12.5 10.7 6.7 15.0

PTV3 Welsch - 17.7 13.9 6.8 17.2

PTV3 MSE - 42.4 42.6 7.4 18.8

PTV3 Welsch ✓ 12.5 10.8 6.7 15.8

2D UNet Welsch - 19.2 16.4 7.1 16.3

Table 3. Ablation experiment on SemanticKITTI, including RRN backbone structure, loss function, semantic-map input to RRN, and a

fair baseline using a 2D image Unet instead of a 3D UNet.
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Figure 7. Visualization of unconditional generation on KITTI360. Red regions highlight the the improvements from the diffusion-

generated (i.e., denoised) data to our rectified data.

Method Network # Params (M) Steps Time (ms)

R2DM Eff-UNet 31.10 50 579.83

LiDM VQ-VAE, UNet 257.77 50 557.36

+Ours SPUNET +37.90 +1 +19.65

Table 4. Computational overhead on KITTI360. our method

introduce very slight computational overhead over the baselines.

Time analysis. We provide a simple time comparison to

demonstrate the efficiency of L3DR framework. On an RTX

4090 GPU 24G, the additional time for RRN rectification

is 19.65 ms which is negligible compared to LiDM and

R2DM sampling processes which both require more than

550 ms. The 37.90 M additional parameters from RRN are

also lightweight compared to LiDM. We conclude that the

L3DR framework can greatly improve generation quality

with negligible additional parameter and inference cost.

6. Conclusion
We have proposed L3DR, a 3D-aware LIDAR Diffusion

and Rectification framework which combines 2D RV Li-

DAR diffusion with a 3D residual regression network to

achieve both layout-realism and geometry-realism on con-

ditional and unconditional LiDAR diffusion task. By com-

bining our Welsch Loss with the training data generated

from semantic-conditioned diffusion, we are able to train a

powerful Residual Regression Network to remove RV arti-

facts such as depth bleeding and wavy surfaces. Our method

exhibits state-of-the-art performance and broad applicabil-

ity on different LiDAR diffusion methods, while requiring

only negligible additional computational cost, making it a

perfect choice for cost-efficient generation of high-fidelity

novel LiDAR point clouds.
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