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Abstract

Recent GS-based rendering has made significant progress
for LiDAR, surpassing Neural Radiance Fields (NeRF) in
both quality and speed. However, these methods exhibit ar-
tifacts in extrapolated novel view synthesis due to the incom-
plete reconstruction from single traversal scans. To address
this limitation, we present LIDAR-GS++, a LIDAR Gaussian
Splatting reconstruction method enhanced by diffusion priors
for real-time and high-fidelity re-simulation on public urban
roads. Specifically, we introduce a controllable LiDAR gen-
eration model conditioned on coarsely extrapolated render-
ing to produce extra geometry-consistent scans and employ
an effective distillation mechanism for expansive reconstruc-
tion. By extending reconstruction to under-fitted regions, our
approach ensures global geometric consistency for extrap-
olative novel views while preserving detailed scene surfaces
captured by sensors. Experiments on multiple public datasets
demonstrate that LIDAR-GS++ achieves state-of-the-art per-
formance for both interpolated and extrapolated viewpoints,
surpassing existing GS and NeRF-based methods.

Code — https://github.com/CN-ADLab/LiDAR_GS _plus

Introduction

Recent advances in closed-loop simulation (Hu et al. 2023a;
Zeng et al. 2025; Ren et al. 2025) are continuously improv-
ing infrastructures for developing end-to-end autonomous
driving algorithms (Hu et al. 2023b; Chen et al. 2024a;
Fu et al. 2025), where Gaussian Splatting (GS) (Kerbl
et al. 2023) has emerged as a primary representation for
reconstruction-based simulators, enabling real-time render-
ing and ensuring physical realism. Facilitated by advance-
ments in GS methods for camera (Yan et al. 2024; Zhou et al.
2024) and LiDAR (Jiang et al. 2025; Chen et al. 2024b),
developers can reconstruct urban road scenes using crowd-
sourced driving clips, which are typically collected to im-
prove casually encountered corner cases, thereby meeting
the requirements of arbitrary view synthesis and creating a
virtual regression testing.

While reconstruction-based simulators offer high realism
and reusability, they are constrained by the original view-
point distribution of the driving clip, and thus exhibit limited
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Figure 1: LiDAR re-simulation methods, such as GS-
LiDAR (Jiang et al. 2025) and LiDAR-GS (Chen et al.
2024b), encounter performance drops when rendering ex-
trapolated views, e.g., lateral viewpoint shifting. In contrast,
LiDAR-GS++ maintains stable and reliable performance by
diffusing priors.

performance for trajectory extrapolation when compared to
interpolation. While simulators for cameras (Wang et al.
2025; Fan et al. 2025; Ni et al. 2025a) have made notable
progress in addressing this problem, recent works on LiDAR
re-simulation have not yet explicitly addressed the qual-
ity issue of extrapolation, which typically degrades simula-
tion quality in viewpoint-changing scenarios, such as lane-
changing for an obstacle avoidance. The imbalanced devel-
opment of camera and LiDAR simulators decelerates the
evolution of high-level (Level-4) driving agents equipped
with multi-modal sensors (Liao et al. 2025; Cao et al. 2025).

Recent advances in general controllable generative mod-
els (Rombach et al. 2022; Blattmann et al. 2023; Zhang,
Rao, and Agrawala 2023) open up the opportunity to aug-
ment LiDAR Gaussian reconstruction with generated data,
contingent upon addressing two major challenges: (1) Au-
thenticity. Relying on cross-modal prompts such as texts,
maps, and bounding boxes can generate promising objec-
tives, but their scene geometry exhibit a noticeable domain
gap compared to real scans that is ineffective for novel view
synthesis; and (2) Consistency. Blending generated scans
with existing real scans may cause hallucinations and con-
tradictions in specific regions, resulting in degraded harmo-
niousness for expansive reconstruction.

To address these challenges, we present LiDAR-GS++
and insist that LiDAR-to-LiDAR controllable generation
serves as an appropriate strategy for scene expansion. Based
on existing reconstruction-based simulators (Chen et al.
2024b; Jiang et al. 2025), we propose a novel model for



conditioned LiDAR scan generation, prompted by coarsely
rendered scans at extrapolated viewpoints, which improves
geometry coherence and eliminates the need for auxiliary
cross-modal prompts. Furthermore, given such generated
scans for performing expansive reconstruction, we noticed
that fully blending generated scans with existing real scans
introduces confusion in regions which were already well-
fitted. Thus, we introduce a depth distortion-aware distilla-
tion strategy accordingly to integrate these scans into the ex-
trapolated reconstruction harmoniously.

According to our experiments on multiple public datasets,
LiDAR-GS++ has achieve state-of-the-art re-simulation
quality on both extrapolation and interpolation. In conclu-
sion, LIDAR-GS++ makes the following key contributions:

* We propose a LIDAR reconstruction method that expan-
sively reconstructs neural 2DGS fields via diffusion pri-
ors, achieving state-of-the-art quality compared to previ-
ous GS-based and NeRF-based re-simulation methods in
both extrapolation and interpolation.

* For generating extrapolated LiDAR scans as extra su-
pervision, we propose a controllable LiDAR generation
model guided by coarsely extrapolated GS rendering.

» For expansive reconstruction, we propose a depth dis-
tortion aware distillation strategy to effectively integrate
generated scans and harmoniously avoid hallucinations.

Related Work

Render-based LiDAR Reconstruction. Recently, the
rapid advancement of NeRF has driven the development of a
series of LiDAR re-simulation methods. NFL (Huang et al.
2023) and LiDAR-NeRF (Tao et al. 2024) pioneerly intro-
duced differentiable frameworks that model LiDAR beams
as rays, rendering depth and intensity analogous to RGB im-
ages. DyNFL (Wu et al. 2024a) and LiDAR4D (Zheng et al.
2024) address dynamic reconstruction by incorporating tem-
poral conditioning and instance-level dynamic decomposi-
tion, respectively. Mars (Wu et al. 2023) integrates this ca-
pability into a comprehensive simulation system.

Due to the limited rendering efficiency of NeRF, several
concurrent previous works have proposed to refactor the
scene representation into GS: GS-LiDAR (Jiang et al. 2025)
extends LiDAR4D to 2DGS representations, significantly
improving inference speed. LIDAR-GS (Chen et al. 2024b)
proposes a 3DGS-based differentiable laser beam splatting
and considers the effect of ray direction and distance on ren-
dering. LIDAR-RT (Zhou et al. 2025) extends the Boundary
Volume Hierarchy (BVH) of GS-RT (Moenne-Loccoz et al.
2024) to LiDAR and implements differentiable ray tracing
using the OptiX framework (Parker et al. 2010).

Despite these advances, existing methods have not explic-
itly addressed the challenge of extrapolation. To this end,
we are the first to integrate diffusion priors to expand lidar
Gaussian reconstruction. Our approach builds upon the ef-
ficient Gaussian attribute prediction of LiDAR-GS (Chen
et al. 2024b), while substituting its 3DGS representation
with neural 2DGS for enhanced geometric fidelity. Compar-
ative experiments demonstrate that this modification leads to
more effective and efficient scene reconstruction.
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Diffusion-based LiDAR Generation. General diffusion
models (Ho, Jain, and Abbeel 2020; Rombach et al. 2022;
Ren et al. 2024) have been demonstrated to be applicable to
LiDAR generation tasks by leveraging structured represen-
tations such as 2D range view images or 3D voxel grids.
Early works, including LiDARGen (Zyrianov, Zhu, and
Wang 2022) and R2DM (Nakashima and Kurazume 2024),
adopt the DDPM framework for unconditional LiDAR gen-
eration. Building on latent diffusion models (LDM) (Rom-
bach et al. 2022), methods such as RangeLDM (Hu, Zhang,
and Hu 2024), LiDM (Ran, Guizilini, and Wang 2024),
and Copilot4D (Zhang et al. 2024) further improve gener-
ative quality by compressing LiDAR into a latent space us-
ing VAE (Kingma and Welling 2014) or VQ-VAE (van den
Oord, Vinyals, and Kavukcuoglu 2017), enabling more effi-
cient training and generation.

Meanwhile, the evolution of conditional controllable gen-
eration modules (Rombach et al. 2022; Zhang, Rao, and
Agrawala 2023; Peng et al. 2024) has further catalyzed
the development for controllable LiDAR generation. Li-
darDM (Zyrianov et al. 2024) employs traffic layouts to
generate actors and scene. TYP (Pan et al. 2025) gener-
ates LiDAR Bird’s Eye View(BEV) using bounding boxes
and ego view. Text2LiDAR (Wu et al. 2024b) pairs LiDAR
scans with textual descriptions, pioneering the task of text-
to-LiDAR. OLiDM (Yan et al. 2025) enhances object-aware
LiDAR synthesis with category- and position-level prompts.
UniScene (Li et al. 2025) leverages an occupancy-based in-
termediate representation to enable consistent generation of
LiDAR and camera.

While these works successfully leverage cross-modal
prompts to generate desired objectives, the quality and con-
sistency of the results against a specific driving scan re-
main insufficient for launching an expansive reconstruction.
Given prompts of the same modality, our LiDAR-to-LiDAR
controllable generation applies appropriate diffusion and de-
noising conditioned on the incompletely reconstructed ex-
trapolated rendering. Consequently, combining reconstruc-
tion and diffusion brings the opportunity to progressively
enlarge the accessible LiDAR novel view synthesis range
based on limited initial real scans.

Method

As illustrated in Fig. 2, we first project the point cloud to
the range view and reconstruct the scene using neural 2DGS
field from a single-pass driving clip. Then, we render a set
of extrapolated degraded LiDAR scans by manually shift-
ing the viewpoints, which are used as a condition for a pre-
trained controllable LiDAR generative model to produce ge-
ometrically consistent additional supervision for expansive
reconstruction. During expansive reconstruction, as gener-
ated and real scans are fused, we employ a Depth Distortion-
Aware Distillation (DDAD) strategy on generative data to
specifically correct under-fitted regions and mitigate nega-
tive effects on convergence areas during reconstruction.

Gaussian Splatting Scene Representation

Range view Projection. Following standard practices in
LiDAR research for structurally representing distributions,
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Figure 2: The workflow of LiDAR-GS++. Given an input driving scan, we first project the point cloud to the range view and
reconstruct the scene using a neural 2DGS field from a single traverse. Then, we feed coarsely extrapolated rendering to a
pre-trained LiDAR diffusion model to produce geometrically consistent extrapolated scans as extra supervision signals, and
utilize a depth distortion-aware strategy to distill the GS representation for expansive reconstruction, where the distorted areas
of the extrapolated view are highlighted in red. During inference, rendering from reconstructed Gaussians enables real-time,
high-quality synthesis for both extrapolated and interpolated viewpoints. Subsequently, the range view can be converted into a

point cloud format via inverse projection.

we convert LiIDAR data to the range view, which comprises
three channels: intensity p, depth d and ray-drop 7 (Milioto
et al. 2019; Kong et al. 2023; Chen et al. 2024b), where ray-
drop 7 € {0, 1} indicate whether a beam has a return value.
The projection process is as follows:

For each point (x, y, z) in the LiDAR coordinate, its cor-
responding pixel location (h,w) on the H x W range view
image, as:

(1= f (9, f1)) H

(1) = (05 2750) - (V).

where ¢ = arcsin(z, /22 +y2) and § = arctan(y,x)
denote the vertical and horizontal angles, respectively. The
function f (¢, f},) retrieves the position ratio closest to the
vertical angle ¢ from a pre-defined list of vertical angles f3
corresponding to each laser beam, as defined in the intrinsic
parameters of the LIDAR. Inversely, re-visualizing the point
cloud can be done simply by performing inverse projection:

ey

(z,y,2) =d-d 2 d-(cosfcos¢,sinf cos ¢,sin ¢), (2)

where d stands for the distance-of-flight, and the ray-
direction d is determined by (¢, 6).

Neural 2DGS Field. In light of the inherent distance- and
direction-dependent attenuation of LiDAR returns (Hahner
et al. 2021, 2022; Chen et al. 2024b) and the recent ad-
vances in geometric fidelity afforded by 2DGS (Huang et al.
2024), we propose a neural 2D Gaussian field for LiDAR
scene modeling. It is composed of a set of 2D Gaussians
¢ ={x,R,S,p,r, a,ve}, where center position X, rotation
quaternion R, scale S, intensity p, ray-drop probability r,
opacity « and feature token v (32-dims initialized to zero),
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respectively. Attributes of each Gaussian are predicted us-
ing four lightweight Multi-Layer Perceptrons (MLPs), re-
ceiving optimizable zero tokens v, the local ray direction
d’ and distance-of-flight d as input (see Fig. 3). This condi-
tioning mechanism enables the network to predict direction-
and distance-dependent attributes of 2D Gaussian. Addi-
tionally the Gaussian positions x are refined by offsets, i.e.
X X + 0x.

d|3

F; ?normiF : Tan
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Figure 3: Design and workflow of the Neural 2DGS Field.
The numbers on the vector represent the dimensions.
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LiDAR Rendering. Given the free viewpoint and orienta-
tion for rendering, we follow the 2DGS (Huang et al. 2024)
to compute the ray-splat intersections, and use range view
rasterization to render the LIDAR’s depth, intensity, and ray-
drop. Specifically, at first, each 2D Gaussian £ in the world
coordinate is parameterized in the local tangent plane:

P(u,v) = WH(u,0,1)T, H 2 {S“Ot“ sl ﬂ e RS,
3)

where t,,t, € R3 are two rotation components decom-
posed from rotation quaternion R, s, and s, from S £
diag(s,, $») are their corresponding scaling components,



and W € R**4 is the view projection matrix. P (u, v) rep-
resents the homogeneous coordinates of a point on the local
tangent plane in the world coordinate, while (u,v) denotes
the relative position with respect to the 2D Gaussian center
in Gaussian’s uv coordinate.

Then, we parameterize the ray of each pixel as the inter-
section of two planes, h,, and h,,, and the ray-splat intersec-
tion in Gaussian’s local tangent plane can be determined by
solving:

[hu,hv]T -P(u,v) =0,
h, = (singzﬁ,fcosgi),O,O)T,

h., =(sin 6 cos ¢, sin O sin ¢, — cos #,0) "

“

Once the intersection (u, v) is determined, its probability
distribution value can be calculated using the standard Gaus-
sian function G¢(u,v) = exp(—(u? + v?)/2).

During the range view rasterization process, we record the
Gaussian intersections that each pixel’s ray passes through,
and use volume rendering integration to determine the val-
ues of the range view:

i—1
[:57 dv 77] — Z[p&v déivrﬁi}a&G& H(l — Qg Géj)v 5
iEN Jj=1
where p, d, and 7 is the range view rendering of intensity,
depth, and ray-drop, respectively. N stands for the number
of intersection on the ray. G'¢, denotes probability distribu-
tion value of intersection on z-th Gaussian.

Optimization. We optimize the neural 2DGS field, in-
cluding feature token v¢ of each Gaussian and parameters
of four MLPs, by calculating loss between the input and ren-
dered images:

L=Li+L,+L,+Ls,

6
L,=(1-X,) L1+ A, Lpssim, ©

where the depth loss L4 follows £ loss, and we set A\, =
0.2 for the intensity loss £,. The ray-drop probability loss
L, follows Ly loss, and we use a regularization loss (Lu
etal. 2024) Lg = Z? Prod(S¢) to inhibit the enlarge-
ment of scale, where NV is the total number of Gaussians.

Controllable LiDAR Generation

In this section, we introduce a controllable LiDAR-to-
LiDAR generation model designed to generate geometri-
cally authentic extrapolated scans, serving as supplementary
supervision for expansive reconstruction. A primary chal-
lenge in generative novel view synthesis lies in ensuring co-
herence between generation and existing knowledge. Exist-
ing LiDAR generation models that use cross-modal prompt,
such as semantic maps and bounding boxes (Ran, Guizilini,
and Wang 2024; Pan et al. 2025), are inadequate for gen-
erating geometrically consistent scans of complex outdoor
scenes, because these prompts are too sparse compared to
LiDAR scans. To address this issue, we propose utilizing
coarsely extrapolated LiDAR range views — rendered from

2978

. v ,
1 2% fene > h— !¢
4 II GgIII *Ldiff
B PEQ+©O~+
e Bl
2 - Wavelet down/up
= Proj. Enec
LS
S Ly Lo
PE (0 €9 > Dec —> 71L)

— Training Inference Multi-step sample

Figure 4: Workflow of the Controllable LiDAR Generation.

neural 2D Gaussian representations acquired during the ini-
tial stage of single-pass reconstruction — as conditional pri-
ors for producing LiDAR scans. This approach not only es-
tablishes a robust global geometric foundation but also uni-
fies the modalities of the condition and output, both repre-
sented as LiDAR range views.

Constructing Training Pair. Due to the absence of ex-
trapolated ground truth in single-pass driving clips, direct
supervision of our controllable LiDAR generation model on
extrapolated viewpoints is not feasible. Hence, we simulate
low-quality GS representations to construct training pairs.
Specifically, given neural 2D Gaussians reconstructed from
a single-pass driving clip consisting of F' frames of LiDAR
scans {L2} |, we construct low-quality LIDAR rendering
{L¢2}E | as conditional data at the reconstructed viewpoint
by introducing perturbations with a variance of ¢ = 0.2 to
the inputs of the neural 2D Gaussian field and randomly
dropout Gaussian primitives at a ratio of 7 = 0.1. In to-
tal, approximately 27k training pairs are constructed from
Waymo Open dataset (Sun et al. 2020) and the Para-Lane
dataset (Ni et al. 2025b), taking 20h on 4 xRTX3090.

Training Diffusion Model. We choose the Latent LIDAR
Diffusion Model (LiDM) (Ran, Guizilini, and Wang 2024)
as our base model, and introduce two additional lightweight
modules to improve generation details, including adding
fourier Position Encoding (PE) at input (Hu, Zhang, and
Hu 2024) and integrating wavelet transforms into the up-
sampling and downsampling layer (Yang et al. 2023). As
shown in Fig. 4, the LiDAR’s input and condition are re-
spectively encoded into latent space as z” and ¢ with a
pre-trained VAE encoder. After diffusing the input 2z to
2k = \/aizf + /T — aze with noise € ~ N(0,1) and a
noise schedule & at diffusion time step ¢, we concatenate
them as the input of denoised model ¢y and optimize it by
the loss function:

E, .

2016

)

This design enables recovery of realistic LiDAR from
low-quality cues and generalizes to produce scans from ex-
trapolated coarse rendering.

Laifs = ot |lle —eo(zf t,cM)3]

Generated LiDAR Scan on View Extrapolation. Given
a set of 2D Gaussians & reconstructed from a single-
pass driving clip, we render the low-quality LiDAR scans
{L¢}K | across lanes by extrapolating the viewpoint. These



scans serve as conditional guidance for the frozen LiDAR
generation model to produce geometrically consistent ex-
trapolated scans, which provide additional supervision to re-
fine the neural 2D Gaussians &.

Depth Distortion-Aware Distillation Strategy

Even though the generative model can eliminate most of the
incorrect LiDAR rendering, it still introduces hallucinations
in the details (See Table 2 for ablation experiments of ex-
pansive reconstruction without DDAD). As shown in the
Fig. 5 (c), we use the Chamfer Distance (CD) to quantify
the difference between the generative results and the refer-
ence real scans on the Para-Lane dataset, revealing that there
are still detail discrepancies between them. In fact, the Fig. 5
(b) has demonstrated that neural 2D Gaussians have prelim-
inary ability to render global geometry in extrapolated view-
points, with artifacts and rendering collapses occur in under-
fitted regions due to insufficient extrapolated supervision. As
shown in Table 2, if we fully inject generated data, the upper
bound for novel views is limited by the quality of the gen-
erative data (as Fig. 5 (c)), and negative effects may also be
introduced to already well-fitted regions.

Therefore, we propose a depth distortion-aware distilla-
tion strategy specifically designed to identify and correct
under-fitted regions in extrapolated views, thereby minimiz-
ing the adverse impact of the LiDAR generative model for
GS expansive reconstruction. Specifically, during the ren-
dering phase, we record the median depth d,, for each
ray, approximated by the depth at the Gaussian intersection
where the transmittance 7" is closest to 0.5 (Barron et al.
2022; Huang et al. 2024). Following Eq. (5), transmittance
T is defined as follows:

i—1

H(]. — Oz,ijgj).

Jj=1

T

®)

It is well-established that when transmittance approaches
0, the ray is considered to have passed through the physical
surface, and rendering halts, outputting the rendered depth
d. Generally, Gaussian distributions that converge to the real
depth contribute significantly to the rendering when their cu-
mulated opacity close to 1. In these cases, as indicated by
Eq. (5), the discrepancy between the median depth d,,, and
rendered depth d is minimal. Conversely, a large difference
suggests that the attributes of the Gaussians involved in ren-
dering remain under-fitted. Therefore, we define areas with
significant depth discrepancies as distortion regions:

M ={|d, —d| > &}, )

where 0 = median{max(s,, s,)} is defined as the median
value of the scale coefficients from the longest axis of all
Gaussian trained from single traverse.

In Fig. 5 (b), this definition effectively labels ambiguous
rendered point clouds as distorted regions M, allowing us to
further fine-tune the Gaussian in a targeted manner. Specif-
ically, when mixing the generated extrapolated scans as ad-
ditional supervision to further expansive reconstruction(1:1
with real), the loss function is following £, = M - L.
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Figure 5: Qualitative and quantitative comparisons of our
coarse-to-fine cross-lane novel view synthesis on the Para-
Lane dataset. (a) Real LiDAR scan as a reference from
another-pass; (b) Rendered without diffusion priors, and the
red point indicates the distorted area M ; (c) Generative re-
sult of controllable LiDAR diffusion model conditioned by
coarsely extrapolated rendering; (d) Rendering after expan-
sive reconstruction with diffusion priors.

Experiment
Experiment Setup

Dataset. We conduct experiments on both the Para-
Lane (Ni et al. 2025b) and the Waymo Open (Sun et al.
2020) datasets. The Para-Lane dataset provides synchro-
nized cross-lane LiDAR data, with a resolution of 32x 1800
at 10 Hz. The Waymo dataset provides LiDAR data along a
single lane with a resolution of 64x2650 at 10 Hz. We se-
lected 3 clips from the Para-Lane dataset and 4 clips from
the Waymo dataset to validate our method against publicly
available approaches for novel view synthesis, including
both viewpoint interpolation and extrapolation.

Baseline. We compare our method with LIDAR4D (Zheng
et al. 2024), GS-LiDAR (Jiang et al. 2025), LiDAR-
RT (Zhou et al. 2025) and LiDAR-GS (Chen et al. 2024b).
LiDAR4D, to our best knowledge, is currently the best
NeRF-based LiDAR synthesis method. Meanwhile, the re-
maining methods are the latest advancements in real-time
synthesis based on GS. Please refer to our supplementary
material for detailed configurations.

Implementation details of Gaussian representation.
LiDAR-GS++ was trained for 7,000 iterations on RTX3090,
with the first 5,000 iterations dedicated to reconstruction
from single traverse and the last 2,000 iterations to fine re-
construction from mixed generation and real data. We ran-
domly initialized 500,000 GS anchors from trained scan
input and adopted the same growth and split strategy as
Scaffold-GS (Lu et al. 2024) and the same accumulated gra-
dient strategy as AbsGS (Ye et al. 2024). During densifica-
tion, we enable it starting from step 500 with the split gradi-
ent threshold set to 0.002. We use the Adam optimizer and
set the learning rate for each optimizable parameter {Fs,
Fps Fry Fa,ve} to {1,4,4,2,5} x 1le~3, respectively. For
dynamic objects, we perform instance decomposition based
on NSG (Ost et al. 2021) and reconstruct them separately.

Implementation details of controllable LiDAR genera-
tion model. The diffusion module with a frozen VAE is
trained once (not per-scene) on constructed pairs for 5e? it-
erations using 8 x A100 GPUs and batch size of 16 on each
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Method ‘ Lane Extrapolation @3.5m ‘ Lane Interpolation ‘ Lane Extrapolation @3.5m ‘ Lane Interpolation ‘ Train  Inference
| CDL Esert PSNRT SSIMT| CDJ Fescrf PSNRT SSIMT|FRID) FPVD| JSD) MMDJ|CD{ FEscrt PSNRT SSIMT|(min))  (fps)
LiDAR4D |[1.518 0.785 29.464 0.833 [0.112 0921 31.631 0.866 |48.503 52.651 0.587 9.726 |0.061 0.964 32.434 0.970 426 1.7
LiDAR-RT |[0.482 0.806 30.430 0.824 |0.159 0.902 30.979 0.837 |[41.330 57.551 0.576 11.738 |0.063 0.962 29.410 0.917 213 20.7
GS-LiDAR |0.305 0.843 29.279 0.802 |0.086 0.927 29.654 0.805 |31.967 78.84 0.534 8.263 [0.057 0.971 31.732 0.952 129 10.8
LiDAR-GS |0.270 0.865 30.742 0.828 |0.090 0.923 32.103 0.869 |39.095 34.018 0.606 13.301 [0.059 0.968 32.313 0.973 18 15.8
LiDAR-GS++ ‘ 0.102 0.923 31.843 0.871 ‘0.079 0936 32.232 0.873 ‘ 11.669 15.134 0.379 2.618 ‘0.052 0.972 32.463 0.975 ‘ 26 16.2

Table 1: Average quantitative results on the Para-Lane dataset and Waymo Open dataset. The MMD metric is at the 1e — 5 scale.

Extrapolated

GS-LiDAR

LiDAR-GS LiDAR-GS++

Figure 6: Qualitative comparison on Waymo sequences. Points are colorized through their intensity.

GPU . We use the Adam optimizer and set the learning rate
to 5e~°. During inference phase, we use the DDIM (Song,
Meng, and Ermon 2021) sampler with 50 sampling steps.

Main Results

Quantitative comparison. On the Para-Lane dataset, we
sample every 10th viewpoint from the input of a single tra-
jectory as interpolation evaluation, and use the remaining
scans as training inputs. Since this dataset provides synchro-
nized ground-truth LiDAR scans from adjacent lanes, we
use viewpoints from neighboring lanes for evaluating ex-
trapolation. Following previous work (Chen et al. 2024b),
we use CD and F-Score as evaluation metrics for point
clouds, and employ PSNR and SSIM as evaluation metrics
for LiDAR intensity and ray-drop.

On the Waymo dataset, the evaluation for interpolation is
conducted in the same manner as described above. The dif-
ference is that, due to the lack of extrapolated ground truth,
we artificially shift the input viewpoints laterally (@3.5m)
as extrapolated viewpoints, and adopt the generative eval-
uation metrics as LiDM (Ran, Guizilini, and Wang 2024),
including Fréchet Range Image Distance (FRID), Fréchet
Point-based Volume Distance (FPVD), Minimum Matching
Distance (MMD), Jensen-Shannon Divergence (JSD). Refer
to supplementary materials for details.
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As shown in Table 1, LIDAR-GS++ achieves excellent
performance in interpolation evaluation while significantly
outperforming previous methods in extrapolation evalua-
tion. We owe this superior performance to extrapolation su-
pervision from the diffusion prior and the expansive recon-
struction of distorted areas, which enable a better represen-
tation of the neural 2DGS field. Meanwhile, our method
achieves suboptimal computing efficiency. In terms of train-
ing speed, LIDAR-GS++ is only slower than LiDAR-GS
due to additional computational overhead incurred dur-
ing expansive reconstruction. Regarding inference speed,
LiDAR-GS++ is second only to LiDAR-RT, which benefits
from OptiX’s (Parker et al. 2010) hardware acceleration, en-
abling faster ray tracing on specific hardware configurations.

Qualitative comparison. Fig. 6 shows the visual compar-
ison of LiDAR rendering. In detail, others perform poorly
under extrapolated viewpoints, exhibiting numerous floater
and incorrect geometry, whereas our method maintains sta-
ble and reliable performance for extrapolated re-simulation.

Ablation Results

Ablation on components of LIDAR-GS++. We firstly re-
placed our used neural 2DGS fields (NGF) with the vanilla
2DGS (Huang et al. 2024). The results presented in Table 2



‘ Lane Extrapolation @3.5m ‘ Lane Interpolation

Method

‘CDi F-scrt PSNR?T SSIMT‘ CDJ F-scrt PSNRT SSIM?T
GS,_LIDAR 0.116 0.921 29.530 0.816 |0.087 0.925 29.654 0.804

(w/ Diff&DDAD)
Ours w/o NGF [0.417 0.825 29.878 0.809 |0.095 0.922 30.039 0.816
Ours w/o Diff |0.264 0.869 30.777 0.840 [0.079 0.937 32.235 0.873
Ours w/o DDAD [0.163 0.905 30.701 0.839 |0.085 0.927 32.013 0.854
Ours ‘0.102 0.923 31.843 0.871 ‘0.079 0.936 32.232 0.873

Table 2: Ablation study on Para-Lane dataset.

Method ‘ FRID, FPVD] JSD| MMDJ|(le %)
CLG w/o PE 33.62 15.17 051 13.76
CLG w/o Wavelet 29.31 1488  0.50 10.37
CLG + BBox + Map Condition ‘ 46.74  109.51  0.66 17.72
CLG + Render Condition (Ours) ‘ 28.39 14.46 0.48 6.20

Table 3: Ablation study on Controllable LIDAR Generation.

indicate that the neural 2DGS field achieves superior re-
construction performance compared to previous Gaussian-
based methods.Moreover, as shown in Table 1, our approach
outperforms LiDAR-GS (Chen et al. 2024b) based 3DGS.
These results underscore the critical role of the neural 2DGS
field, as a robust GS representation serves as the essential
foundation for achieving high-fidelity LiDAR scene recon-
struction. This imporovement is attributed to consideration
of the impact of viewpoint and distance on LiDAR signals
and the use of 2DGS primitives that are more advantageous
for geometric reconstruction.

Then, to assess the necessity of incorporating diffusion
priors, we conducted an experiment where extrapolated
viewpoints were rendered without employing diffusion pri-
ors (w/o Diff) as additional supervision. Results in Table 2
demonstrate that the introduction of extrapolated scans gen-
erated by controllable LIDAR generation models, as supple-
mentary supervision for expansive reconstruction, can sig-
nificantly enhance the quality of extrapolated view.

Finally, we compared the performance between utilizing
fully generated data for expansive reconstruction and apply-
ing Depth Distortion-Aware Distillation (DDAD) strategy.
As shown in Table 2, the integration of the DDAD strategy
yields superior results. Because the use of generated data
without any careful adjustment not only limits the upper
bound of extrapolated reconstruction but also introduces ad-
verse effects on the real training viewpoints. As illustrated
in Fig. 5, there are still detailed discrepancies between the
generated data and the real reference. Our proposed strat-
egy selectively optimizes the under-fitted regions during ex-
pansive reconstruction, preserving the convergent geometric
details from the initial single traversal reconstruction.

Analysis of the effectiveness of diffusion priors. We
integrated the diffusion prior into the previous sota, GS-
LiDAR (Jiang et al. 2025), for expansive reconstruction,
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Figure 7: Qualitative visualization of CLG ablation.

which achieve substantial improvements when evaluated
from extrapolation perspective, as illustrated in Table 3.
These results demonstrate the effectiveness and applicability
of our proposed diffusion prior for LiDAR reconstruction.

Analysis on Controllable LiDAR Generation (CLG).
The results of the two specific ablation experiments con-
ducted for CLG indicate that the integration of the addi-
tional modules provides positive contributions. As shown
in Fig. 7, incorporating wavelet transformation aids in pre-
serving high-frequency details during downsampling and
upsampling processes, and the introduction of PE facili-
tates the network’s learning of continuous geometric en-
coding. Additionally, following (Ran, Guizilini, and Wang
2024; Pan et al. 2025), we trained a cross-modal LiDAR
generation model conditioned on semantic maps and bound-
ing boxes using the same driving clip, and compared it to
our single-modal LiDAR-to-LiDAR generation model. Our
model demonstrated greater potential for LiDAR synthesis
tasks. Moreover, the figures reveal that although the dif-
fusion model conditioned on semantic maps and bound-
ing boxes shows commendable generative performance for
specified prompts, it often produces geometric inconsisten-
cies in areas lacking dense prompts, such as trees.

Conclusion

This paper proposes LiDAR-GS++, a novel LiDAR Gaus-
sian Splatting reconstruction framework enhanced by diffu-
sion priors, designed to enable real-time and high-fidelity re-
simulation on public urban roads. LIDAR-GS++ leverages
a controllable LiDAR generation model guided by coarsely
extrapolated rendering to provide consistent additional su-
pervision for expansive reconstruction. And we further pro-
pose a depth distortion-aware distillation strategy to effi-
ciently refine the neural 2DGS representation in under-fitted
regions. Through extensive evaluations on publicly available
datasets, LIDAR-GS++ demonstrates state-of-the-art perfor-
mance on both interpolated and extrapolated viewpoints.

Limitations. First, the reconstruction process doesn’t ac-
count for non-rigid motion of dynamic objects, e.g. pedes-
trians. Second, LiDAR generative models lack consideration
for temporal consistency. Future work could explore the use
of more advanced generation models to improve fidelity and
consistency in synthesized LiDAR data.
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