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Abstract. 3D Gaussian Splatting (3DGS) has emerged as a powerful
technique for real-time LiDAR and camera synthesis in autonomous driv-
ing simulation. However, simulating LiDAR with 3DGS remains chal-
lenging for extrapolated views beyond the training trajectory, as exist-
ing methods are typically trained on single-traversal sensor scans, suf-
fer from severe overfitting and poor generalization to novel ego-vehicle
paths. To enable reliable simulation of LiDAR along unseen driving tra-
jectories without external multi-pass data, we present LiDAR-EVS, a
lightweight framework for robust extrapolated-view LiDAR simulation in
autonomous driving. Designed to be plug-and-play, LiDAR-EVS readily
extends to diverse LiDAR sensors and neural rendering baselines with
minimal modification. Our framework comprises two key components: (1)
pseudo extrapolated-view point cloud supervision with multi-frame Li-
DAR fusion, view transformation, occlusion curling, and intensity adjust-
ment; (2) spatially-constrained dropout regularization that promotes ro-
bustness to diverse trajectory variations encountered in real-world driv-
ing. Extensive experiments demonstrate that LiDAR-EVS achieves SOTA
performance on extrapolated-view LiDAR synthesis across three datasets,
making it a promising tool for data-driven simulation, closed-loop eval-
uation, and synthetic data generation in autonomous driving systems.

Keywords: 3D Gaussian Splatting · LiDAR Simulation · Novel View
Synthesis

1 Introduction

A central requirement for realistic closed-loop autonomous driving simulation [10,
21] is the ability to synthesize accurate LiDAR point clouds and photorealistic
RGB images from novel viewpoints. While neural radiance fields (NeRF)-based
methods [28, 34] first introduced neural rendering for joint camera and LiDAR
simulation, 3D Gaussian Splatting (3DGS) [12] offers high-fidelity LiDAR [3,11]
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Fig. 1: LiDAR-EVS enables robust LiDAR synthesis for extrapolated views beyond
the training trajectory. Given single-traversal data, our framework generates pseudo
supervision for novel viewpoints, achieving accurate LiDAR simulation on extrapola-
tion view, outperforming existing methods that overfit to the training path.

and camera [33, 37] rendering with significantly more promising real-time per-
formance. In addition to superior rendering capabilities, the explicit 3D repre-
sentation of 3DGS provides flexible controllability, enabling the reconstructed
pedestrian and other dynamic actors in the scene to be edited [5, 9]. These ren-
dering and control abilities of 3DGS enable more scalable closed-loop evaluation
and synthetic data generation, allowing autonomous driving systems to perform
extensive validation across diverse scenarios before real-world deployment.

Although recent advances [9, 11, 36] have demonstrated substantial progress
in applying 3D Gaussian Splatting (3DGS) to LiDAR simulation, extrapolated
view LiDAR synthesis still remains a significant challenge [2]. Unlike dense,
texture-rich cameras, LiDAR sensors produce sparse, geometry-focused point
clouds lacking color and high-frequency details. Consequently, LiDAR simula-
tion receives weaker supervision than RGB modalities, degrading generalization
capability. Additionally, most existing 3DGS-based methods [3,9,11] are trained
exclusively on single-traversal sensor data collected along the ego-vehicle’s orig-
inal path, resulting in severe overfitting to specific trajectories. Consequently,
when evaluated on extrapolated views, these methods frequently suffer from pro-
nounced artifacts, missing geometry, unrealistic intensity patterns, and degraded
fidelity in sparse or distant regions, as shown in Fig. 1. While prior work [2] at-
tempts to improve generalization ability through pre-trained diffusion priors,
this approach introduces substantial computational overhead and strong exter-
nal dependencies. With the pre-trained model, its capability heavily depends on
the distribution of the training data, making it vulnerable to out-of-distribution
extrapolated views from unseen scenarios. In addition, such prior-based mod-
els struggle to generalize to novel LiDAR settings due to differences in sensor
intrinsics, surface reflectivity, and occlusion patterns.

To address these limitations, we introduce LiDAR-EVS (Extrapolated View
Synthesis), a framework designed for robust extrapolated-view autonomous driv-
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ing simulation using 3D Gaussian Splatting. We observe that by the geometric
invariance in the world coordinate system, static LiDAR points can be fused
across frames and re-projected from the original to the shifted poses. Inspired
by the previous observation, we present our key idea: effective generalization
to novel trajectories can be achieved through pseudo-LiDAR supervision com-
bined with lightweight spatial regularization. Our framework consists of two
major components. First, we introduce a pseudo extrapolated-view supervision
pipeline that enriches the training distribution through the dedicated designed
pseudo LiDAR point clouds. The curation of pseudo supervision includes multi-
frame LiDAR fusion, view transformation, adaptive intensity adjustment, and
occlusion-aware point curling. This generates plausible LiDAR observations for
viewpoints beyond the training trajectory, providing direct supervision for the
extrapolated view synthesis. Second, we propose spatially-constrained dropout
regularization, which selectively perturbs Gaussian parameters during training
to prevent overfitting to specific spatial configurations while preserving local
geometric coherence. Together, these components form a plug-and-play solution
that generalize on various LiDAR sensor setups and can be integrated seamlessly
with all neural rendering pipelines.

Extensive experiments on large-scale autonomous driving datasets demon-
strate that LiDAR-EVS achieves state-of-the-art performance on both inter-
polated and extrapolated novel-view synthesis. Notably, our method signifi-
cantly outperforms existing approaches on LiDAR point cloud rendering for
out-of-distribution viewpoints, with minimal computational overhead compared
to standard 3DGS training. Our contributions are summarized as follows:

– We propose LiDAR-EVS, a plug-and-play framework that augments existing
3DGS-based renderer with robust extrapolated-view LiDAR synthesis.

– We design a sensor-agnostic pseudo-LiDAR curation pipeline that produces
high-fidelity extrapolated-view LiDAR data via multi-frame fusion, view
transformation, occlusion-aware curling, and intensity adjustment.

– We introduce spatially constrained dropout regularization that perturbs
Gaussians according to LiDAR-specific viewing geometry, substantially im-
proving the robustness of extrapolated-view synthesis.

– Extensive experiments on three public datasets demonstrate state-of-the-art
results on extrapolated-view LiDAR rendering.

2 Related Works

Neural Rendering for Autonomous Driving Simulation. Simulation has
become indispensable for autonomous driving development, enabling safe testing
of perception and planning systems [7, 21]. Traditional graphics-based simula-
tors [7, 22] rely on artist-created assets and physics engines, which struggle to
achieve the photorealism required for sensor simulation. Recent approaches [21]
leverage neural rendering to reconstruct real-world scenes directly from sensor
data. Neural Radiance Fields (NeRF) [17] have been explored for autonomous
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driving scene reconstruction [28,29,34], but their volumetric rendering is compu-
tationally expensive for large-scale dynamic environments. 3D Gaussian Splat-
ting (3DGS) [12] has emerged as a compelling alternative, offering real-time
rendering through explicit 3D Gaussian primitives. Several works have adapted
3DGS for driving scenarios [5, 37], which combine 3DGS with deformable mod-
els for dynamic objects [4], introduce compact representations for large-scale
scenes [15], and [5,33] combine multi-camera for surround-view synthesis. How-
ever, these methods primarily focus on RGB rendering and often assume inter-
polated viewpoints, leaving extrapolated-view synthesis underexplored.

LiDAR Simulation and Synthesis. Accurate LiDAR simulation is critical
for validating perception systems that rely on geometric cues. Physics-based Li-
DAR simulators [8, 25] model ray casting and material reflectance but require
detailed scene geometry and are computationally intensive. Learning-based ap-
proaches [34] have gained traction for their ability to capture real-world sensor
characteristics from data. Early neural LiDAR synthesis methods employed point
cloud completion [32] or range image generation [38], but these operate in 2D
projection space, losing 3D geometric consistency. More recent works integrate
LiDAR into neural scene representations, [27, 28] extend NeRF for range image
rendering, while [5, 9] jointly optimize camera and LiDAR observations within
3DGS frameworks. Despite these advances, existing methods typically train on
single-traversal data, leading to overfitting and poor generalization when sim-
ulating novel ego-vehicle paths, a requirement for closed-loop simulation where
the vehicle may deviate from the recorded trajectory.

Generalization in Novel-View Synthesis. Generalization to unseen view-
points remains a fundamental challenge in neural rendering. For interpolated
views within the training camera trajectory, various regularization techniques
have been proposed, including depth smoothness constraints [24], confidence
guidance [35], and geometric priors [23]. However, extrapolated-view synthesis
rendering from viewpoints outside the training distribution presents significantly
greater difficulty. Several strategies have been explored to enhance extrapolation
capabilities. Pre-trained depth estimation networks can provide geometric guid-
ance [16, 23], but introduce domain shift issues and computational overhead.
Data augmentation through camera pose perturbation [30] enriches training dis-
tributions but lacks explicit supervision for the extrapolated domain. Generative
priors [2, 14, 26] have also shown promise but require complex procedures. For
LiDAR specifically, the discrete, sparse nature of point clouds and the viewpoint-
dependent occlusion patterns make direct application of camera-oriented tech-
niques insufficient. Our work addresses this gap through pseudo-LiDAR super-
vision that generates explicit training signals for extrapolated views, combined
with regularization tailored to the geometric characteristics of LiDAR sensing.
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3 Preliminary

3D Gaussian Splatting has been utilized in the autonomous driving simu-
lation [9] with the scene representation as a set of properties: mean µ ∈ R3,
opacity o ∈ (0, 1), covariance matrix Σ ∈ R3×3, feature vector f rgb ∈ R3 and
f ∈ RDf . The covariance Σ depends on scale S ∈ R3 and quaternion q ∈ R4, f rgb
is the color feature, and f is used for both view-dependent effects and LiDAR
properties. For camera rendering, the features are rasterized with α-blending:

[Frgb
p ,Fp] =

∑
i

[f rgbi , fi]αi

i−1∏
j=1

(1− αj), (1)

where p is the pixel position, α value is computed as in [9]. The final cam-
era colors are then adjusted by the view-dependent feature with a small MLP
network. For LiDAR rendering, the mean µ = [x, y, z] is transformed into the
spherical coordinate µS =

[
ϕ, ω, r

]
where ϕ = arctan2(y, x), ω = arcsin(z/r),

and r =
√
x2 + y2 + z2. The covariance matrix is transformed using the Jaco-

bian, ΣS = JSΣL(JS)⊤, where ΣL is the covariance in LiDAR coordinates and
JS and ΣS are the spherical Jacobian and covariance matrix as in [9]. During
rasterization, fi are α-blended similarly to Eq. (1) to produce the LiDAR range
map and blended feature, where the feature are concatenated with ray directions,
and decoded via a small MLP to predict intensity and ray-drop probability.

4 LiDAR-EVS

We present LiDAR-EVS (Fig. 2), a plug-and-play framework for robust extrapolated-
view LiDAR synthesis using 3DGS. It seamlessly integrates with arbitrary Li-
DAR sensors and existing neural rendering pipelines.

4.1 Sensor Agnostic Pseudo LiDAR Curation

To enable robust extrapolated-view synthesis, we generate pseudo LiDAR ob-
servations for viewpoints beyond the training trajectory. Our curation pipeline
enriches the training distribution through multi-frame fusion, geometric trans-
formation, and physically-informed augmentation, providing explicit supervision
for novel ego-vehicle paths without requiring additional data collection.

Multi-Frame LiDAR Fusion. We observe that when the viewpoint changes to
the extrapolated pose, some of the scene points are occluded, resulting in miss-
ing areas. To provide comprehensive coverage of the underlying geometry at the
extrapolated viewpoint, we aggregate LiDAR measurements from N temporally
adjacent frames to densify the point cloud, explicitly focusing on static scene
elements. Specifically, we remove dynamic objects such as vehicles, pedestrians,
and cyclists from each frame with SAM2 [20], ensuring that only geometrically
invariant static structures such as road surfaces and buildings are fused for the
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Fig. 2: LiDAR-EVS Pipeline. Our framework consists of two key modules: Pseudo
LiDAR Curation and Spatially Constrained Dropout. Pseudo LiDAR curation include
the following steps: (1) Multi-frame fusion, (2) Extrapolated view transformation, (3)
Occlusion curling, (4) Intensity adjustment. With the proposed framework, we can
optimize the Gaussian scene representation to achieve robust LiDAR synthesis for
both interpolated and extrapolated view rendering.

additional frames. For each frame i, we transform LiDAR points into the world
frame via the ego-pose Ti ∈ SE(3). Let Pt denote the full point cloud at the
current frame (including dynamic objects), and Pstatic

i denote the static subset
at other frames. We construct a fused point cloud as

P fused = T−1
t Pt ∪

 ⋃
i∈{1,...,N}\{t}

T−1
i Pstatic

i

 , (2)

which preserves dynamic content from the current frame while densify static
structures using temporally adjacent observations.

Extrapolated View Transformation. Exploiting geometric invariance, static
LiDAR points maintain consistent world-coordinate positions across frames. We
warp the fused static point cloud to target extrapolated poses outside the train-
ing trajectory, generating explicit pseudo-LiDAR supervision for novel view-
points. Given a target extrapolated pose Textra, we transform the fused point
cloud to the novel viewpoint: Pextra = TextraP fused, yielding geometrically con-
sistent point positions for the target view. Extrapolated poses are sampled by
perturbing the training trajectory with lane-width shifts of autonomous driving
scenarios, providing direct supervision for the unseen extrapolated viewpoints.
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Algorithm 1 LiDAR Occlusion Curling

Require: Point cloud P ∈ RN×3, range map height h, width w
1: Initialize occlusion mask mocc ← 0N

2: Spherical projection: P 7→ (θ, ϕ, r)
3: Range map coords: (θ, ϕ, r) 7→ (u, v)
4: Valid FoV mask: mFoV ← (v ∈ [0, h)) ∧ (u ∈ [0, w))
5: uv← round([v, u])
6: mcast = Raycast(P,uv) ▷ Raycast computes the nearest hit along ray direction
7: mocc[mcast]← 1
8: return P ⊙ (mocc ∧mFoV)

Occlusion Curling. Although multi-frame fusion can significantly densify the
point cloud on the new extrapolated view, some of the redundant points become
occluded or dis-occluded under viewpoint change and require special handling.
To eliminate these gaps, we apply the occlusion curling based on the LiDAR-
specific parameters as shown in Algorithm 1. Intuitively, we retain only the
nearest hit along each LiDAR ray from the extrapolated pose, and discard far-
ther points that would be self-occluded, thus avoiding unrealistic ‘see-through’
geometry at extrapolated views. We first transform all points into the sensor
space and convert to the LiDAR spherical coordinate, then we perform ray
casting from the extrapolated view pose Textra to identify occluded points in
the range-map. Based on the geometry relationship for points on the same ray,
we remove those further outliers and preserve those casted points within the
sensor visibility constraints. This prevents overfitting to additional fused point
clouds while maintaining realistic point cloud density. The curated pseudo Li-
DAR P̃extra = {(pj , Ij)}Mj=1 serves as supervision signal for training the 3DGS
representation, with each point providing position pj ∈ R3 and intensity Ij ∈ R
targets for the extrapolated viewpoint.

Intensity Adjustment. LiDAR intensity measurements depend on surface re-
flectance, incidence angle, and sensor-to-point distance. To model intensity vari-
ation under viewpoint change, we first estimate surface normals for the fused
point cloud using nearest neighbor search. Given the original pose Tori and ex-
trapolated pose Textra, we compute viewing ray directions rori and rextra from
sensor positions to each point. As inspired by [6], we apply the incident normal-
ization to the original intensity Iori to get the adjusted intensity Iextra based on
the incidence angle between surface normal n and viewing direction:

Iextra = Iorin · r̂extra

n · r̂ori
, (3)

where r̂extra, r̂ori denotes normalized ray direction for the original and extrap-
olated view. Note that we omit the distance correction factor, as the LiDAR’s
distance coefficient is extremely small and negligible. For numerical stability and
realism, we clamp the predicted intensity to [0, 1].
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4.2 Spatially-Constrained Dropout Regularization

To prevent overfitting to specific trajectory configurations and enhance general-
ization to novel viewpoints, we introduce spatially-constrained dropout regular-
ization inspired by [19]. Instead of uniformly perturbing all Gaussian parameters,
our approach selectively drops Gaussians based on their spatial relationship to
the sensor, preserving geometric coherence in critical regions while encouraging
robustness to viewpoint variations. Given Gaussian means µ ∈ RN×3 and sensor
pose T ∈ R4×4, we first compute the observation view vector v = µ−T:3,3 and
distance d = ∥v∥2. The normalized view direction v̂ then yields the elevation
angle ϕ = arcsin(v̂z) ∈ [−π/2, π/2]. We define the region-of-interest (ROI) mask
based on sensor-specific elevation bounds [ϕmin, ϕmax] and distance threshold
dmax: mROI = (d ≤ dmax)∧ (ϕmin ≤ ϕ < ϕmax). Dropout is applied to the 3DGS
within the ROI by the mask mdrop with dropout rate rdrop:

mdrop[i] =

{
I[ui < rdrop] if mROI[i] = 1

0 otherwise
, (4)

where ui ∼ U(0, 1) is the uniform random sampling. This spatially-constrained
mechanism ensures that: (1) distant and out-of-elevation Gaussians remain sta-
ble for background consistency during the optimization, (2) near-field regions are
regularized to prevent trajectory overfitting. During inference, we follow [19] to
compensate for the expected dropout effect to ensure consistent rendering qual-
ity. Given the same ROI in training, we scale their opacities by the expected
retention probability:

õi =

{
oi · (1− rdrop) if mROI[i] = 1

oi otherwise
, (5)

where oi is the original opacity and rdrop is the training dropout rate. This scaling
accounts for the expected attenuation from dropout regularization, ensuring that
the Gaussians’ density matches the training-time marginal distribution.

4.3 Training Strategy and Optimization

To prevent trajectory overfitting, we apply random lateral shifts with lane-width
δ during training, randomly selecting either the left or right direction at each
iteration. This ensures the augmented viewpoints correspond to realistic neigh-
boring lane positions while providing balanced exposure to both sides of the
training path. The shift transform updates LiDAR sensor pose:

Textra = TTshift, where Tshift =

[
I [0, δ, 0]⊤

0 1

]
. (6)

With the transformed lane shifted pose Textra, the pseudo-LiDAR curation
(Sec. 4.1) generates the corresponding shifted point cloud and projects to the
range map for the shifted viewpoints supervision.
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Following [9], we optimized the Gaussians with the following loss:

L =λrL1 + (1− λr)LSSIM + λdepthLdepth + λlosLlos+

λintenLinten + λraydropLBCE + λMCMCLMCMC,
(7)

where L1 and LSSIM are L1 and SSIM losses for images. Ldepth and Linten are L2
losses for the LiDAR range map and intensity. Llos is a line-of-sight loss, LBCE
is a binary cross-entropy loss for ray-drop probability, and LMCMC is the opacity
and scale regularization used in [13].

5 Experiments

5.1 Settings

Datasets. We conduct all experiments on three public autonomous driving
datasets with diverse scenarios and sensor configurations. nuScenes [1] provides
driving scenes with 32-beam LiDAR and 6 cameras in urban environments. Pan-
daSet [31] contains scenes with a 64-beam LiDAR and 6 cameras. For both
nuScenes and PandaSet, we generate pseudo extrapolated views by shifting the
trajectory laterally by ±4m to simulate lane change maneuvers. Para-Lane [18]
is a specialized dataset featuring parallel traversals of the identical road, provid-
ing real extrapolated views with both left-shifted and right-shifted trajectories
relative to a reference path. We evaluate 5 scenes for each dataset. For each
dataset, we hold out 50% of frames for testing and report metrics on both inter-
polated (original trajectory) and extrapolated (shifted trajectory) views as in [9].

Baselines and Metrics. We compare LiDAR-EVS against state-of-the-art
neural rendering methods for autonomous driving simulation, which include
RGB+LiDAR methods such as NeuRAD [28] with neural radiance fields, Om-
niRE [5], and SplatAD [9] with 3D Gaussian Splatting. In terms of LiDAR-only
methods, we choose the state-of-the-art 3DGS-based LiDAR synthesis method
LiDAR-GS [3]. We do not compare against LiDAR-GS++ [2] as its official im-
plementation is not publicly available. Furthermore, our core contributions on
extrapolated view synthesis are orthogonal to LiDAR-GS++ [2], meaning our
method does not conflict with theirs. All baselines are retrained on our datasets
using official implementations with default hyper-parameters and evaluated with
identical metrics for fair comparison. For LiDAR evaluation, we report Depth
Error (m2) as median square error, Chamfer Distance (m) for geometric fidelity,
Intensity RMSE, and Ray-drop Accuracy (%). For the Paralane dataset, we
use multi-traversal LiDAR scans as ground truth to compute these metrics; for
nuScenes and Pandaset, we use pseudo-LiDAR as ground truth for extrapolated
views. For camera rendering evaluation, we report PSNR, SSIM, and LPIPS.

Implementation Details. We build LiDAR-EVS in PyTorch with SplatAD [9]
as baseline and conduct all experiments on NVIDIA H20 GPUs. Unless otherwise
specified, we adopt SplatAD [9] as our baseline and the same hyper-parameters
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Table 1: Quantitative Results on the Para-Lane Dataset. Lane Right/Left
Extra. indicates the extrapolated view is right/left-shifted with lane width. Inter. rep-
resents the interpolated view at original recorded trajectory.

Methods Lane Right Extra. LiDAR Lane Left Extra. LiDAR Lane Inter. LiDAR Lane Inter. Image

Depth ↓ CD ↓ Raydrop ↑ Depth ↓ CD ↓ Raydrop ↑ Depth ↓ CD ↓ Raydrop ↑ PSNR ↑ SSIM ↑ LPIPS ↓

LiDAR-GS [3] 0.018 0.45 87.8 0.017 0.45 87.6 0.0026 0.29 92.8 - - -
NeuRAD [28] 0.006 0.48 79.8 0.004 0.48 79.5 0.0012 0.22 84.6 22.86 0.647 0.323
NeuRAD+Ours 0.002 0.25 85.2 0.002 0.25 85.2 0.0006 0.18 82.6 22.88 0.648 0.301
LiDAR-RT [36] 0.054 0.49 76.2 0.055 0.50 76.1 0.003 0.28 98.9 - - -
LiDAR-RT+Ours 0.004 0.28 78.0 0.005 0.32 77.8 0.001 0.28 98.9 - - -
GS-LiDAR [11] 0.008 0.56 93.5 0.010 0.56 94.4 0.003 0.36 98.6 - - -
GS-LiDAR+Ours 0.003 0.38 94.2 0.002 0.41 95.8 0.002 0.34 98.6 - - -
SplatAD [9] 0.003 0.35 75.8 0.002 0.36 76.4 0.0005 0.19 80.6 22.37 0.692 0.192
Ours 0.001 0.18 84.3 0.001 0.19 84.0 0.0007 0.15 87.7 22.22 0.691 0.295
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Fig. 3: Qualitative LiDAR Rendering Results on Para-Lane Dataset.

for optimization. For spatially-constrained dropout, we set the dropout rate to
0.5 for Para-Lane and 0.2 for others, which achieves the optimal balance between
extrapolation robustness and geometric fidelity. Dataset-specific lane widths are
configured according to regional driving standards: we use δ = 4m for nuScenes
and PandaSet, and δ = 3m for Para-Lane. The number of multi-frame fusions
is 10. The maximum LiDAR sensing distance dmax is set to 200 meters for all
of nuScenes, PandaSet, and Para-Lane based on sensor specifications. Training
takes approximately 1.5 hours per scene on a single H20 GPU with batch size 1
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Table 2: Quantitative LiDAR Rendering Results on nuScenes Dataset.

Methods Lane Right Extra. LiDAR Lane Left Extra. LiDAR Lane Inter. LiDAR

Depth ↓ CD ↓ Intensity ↓ Raydrop ↑ Depth ↓ CD ↓ Intensity ↓ Raydrop ↑ Depth ↓ CD ↓ Intensity ↓ Raydrop ↑

NeuRAD [28] 1.611 1.23 0.087 51.9 3.567 1.44 0.094 52.1 0.018 0.42 0.042 92.7
OmniRE [5] 3.242 2.42 - - 3.122 2.26 - - 1.440 1.74 - -
SplatAD [9] 1.399 2.07 0.084 57.8 1.314 1.34 0.091 57.9 0.009 0.41 0.038 93.7
Ours 0.072 0.55 0.064 74.4 0.306 0.54 0.068 73.3 0.011 0.41 0.041 92.7

Table 3: Quantitative LiDAR Rendering Results on Pandaset Dataset.

Methods Lane Right Extra. LiDAR Lane Left Extra. LiDAR Lane Inter. LiDAR

Depth ↓ CD ↓ Intensity ↓ Raydrop ↑ Depth ↓ CD ↓ Intensity ↓ Raydrop ↑ Depth ↓ CD ↓ Intensity ↓ Raydrop ↑

NeuRAD [28] 0.011 0.90 0.097 40.9 0.009 0.88 0.098 39.8 0.005 0.34 0.061 95.5
OmniRE [5] 3.071 2.43 - - 2.465 3.26 - - 2.467 3.15 - -
SplatAD [9] 0.014 0.94 0.097 41.3 0.011 0.99 0.098 40.4 0.008 0.31 0.058 97.2
Ours 0.011 0.36 0.067 79.1 0.011 0.38 0.069 79.0 0.008 0.31 0.061 96.1
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Fig. 4: Qualitative LiDAR Rendering Results on nuScenes and Pandaset.

for 30K iterations. More details for the computational overhead and additional
plug-and-play experiments are in the supplement material.

5.2 Result Analysis

Extrapolated View LiDAR Rendering. We evaluate LiDAR-EVS against
state-of-the-art methods on both real and pseudo extrapolated views across three
datasets. Table 1 presents results on real extrapolations of the Para-Lane dataset
with physically captured left/right-shifted trajectories. LiDAR-EVS achieves sig-
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Table 4: Quantitative Image Rendering Results on nuScenes and Pandaset.

Methods nuScenes Pandaset

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

NeuRAD [28] 25.96 0.786 0.318 26.28 0.774 0.230
OmniRE [5] 22.77 0.706 0.210 23.63 0.706 0.223
SplatAD [9] 25.97 0.833 0.317 27.12 0.838 0.178
Ours 26.11 0.837 0.339 27.27 0.841 0.192
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Fig. 5: Qualitative Image Rendering Results on nuScenes, Pandaset and
Para-Lane Dataset.

nificant improvements over all methods on extrapolated-view LiDAR synthesis.
Notably, our method reduces Chamfer Distance (CD) by 48% with 0.18m against
0.35m and Depth Error by 67% with 0.001m2 against 0.003m2 compared to
SplatAD on right-shifted views, demonstrating strong generalization to real un-
seen trajectories. Built upon SplatAD, our approach maintains comparable RGB
quality of 22.22 PSNR while dramatically improving LiDAR fidelity. Figure 3
provides qualitative comparisons on the Para-Lane dataset, where LiDAR-EVS
generates significantly more complete and accurate point clouds, faithfully recon-
structing distant structures, road boundaries, and fine-grained scene geometry.
Crucially, these excellent results on real extrapolated trajectories validate the
rationality and effectiveness of our pseudo LiDAR data. This strong empirical
evidence justifies our use of pseudo LiDAR as the ground truth for evaluating
extrapolation metrics on the remaining two datasets.

In Table 2, we present results on the pseudo-extrapolated LiDAR from nuScenes
with 4m lateral trajectory shifts. LiDAR-EVS exhibits dramatic improvements
on extrapolated views: Depth Error reduces from 1.399m2 of SplatAD to 0.072m2

on the right-extrapolated view and 1.314m2 to 0.306m2 on the left extrapolated
view. Chamfer Distance decreases on right-shifted views from 2.07m to 0.55m.
These gains confirm that our method effectively bridges the domain gap to novel
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Table 5: Pseudo LiDAR Ablation Results on Para-Lane Dataset.

Methods Lane Right Extra. LiDAR Lane Left Extra. LiDAR Lane Inter. LiDAR

Depth ↓ CD ↓ Raydrop ↑ Depth ↓ CD ↓ Raydrop ↑ Depth ↓ CD ↓ Raydrop ↑

w/o Pseudo 0.003 0.35 75.8 0.002 0.36 76.4 0.0005 0.19 80.6
Left Only 0.002 0.23 71.1 0.001 0.20 77.8 0.0007 0.16 83.5
Right Only 0.001 0.19 78.4 0.002 0.26 71.3 0.0007 0.16 83.5
Our Full 0.001 0.18 84.3 0.001 0.19 84.0 0.0007 0.15 87.7

Ours FullLeft OnlyRight Onlyw/o Pseudo GT
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Fig. 6: Qualitative Results for Ablation Study on Para-Lane Dataset.

viewpoints. On interpolated views, our method matches SplatAD, validating that
extrapolation enhancement does not compromise interpolation quality.

The result in Table 3 demonstrates consistent improvements on PandaSet
with 64-beam LiDAR. LiDAR-EVS achieves 62% lower Chamfer Distance on
right-shifted views from 0.94m to 0.36m and maintains strong intensity accu-
racy by 0.067 RMSE. The ray-drop accuracy improves from 41.3% to 79.1%,
indicating better geometric understanding of sensor visibility patterns. These
results generalize across different LiDAR configurations (32-beam, 64-beam),
validating the sensor-agnostic design of our approach. Figure 4 confirms our im-
provements, showing that LiDAR-EVS produces more complete geometry with
fewer artifacts compared to others across both 32-beam and 64-beam sensors.

Camera Rendering Quality. Table 4 summarizes camera rendering quali-
ties across the nuScenes and PandaSet datasets. LiDAR-EVS achieves compet-
itive or superior results compared to SplatAD PSNR 25.97 and ours 26.11 on
nuScenes, SplatAD PSNR 27.12 and ours 27.12 on PandaSet, demonstrating
that our LiDAR-focused enhancements benefit photorealistic rendering. Figure 5
provides qualitative comparisons, showing that our method renders RGB images
with visual quality on par with or exceeding other methods.
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Table 6: Dropout Regularization Ablation Results on Paralane Dataset.

Dropout
Rate

Lane Right Extra. LiDAR Lane Left Extra. LiDAR Lane Inter. LiDAR

Depth ↓ CD ↓ Raydrop ↑ Depth ↓ CD ↓ Raydrop ↑ Depth ↓ CD ↓ Raydrop ↑

0.0 0.0009 0.16 76.77 0.0010 0.18 75.77 0.0004 0.15 81.94
0.1 0.0009 0.16 78.26 0.0010 0.18 77.60 0.0004 0.15 83.33
0.2 0.0009 0.16 79.76 0.0011 0.18 79.13 0.0005 0.15 84.74
0.3 0.0010 0.16 81.70 0.0011 0.18 80.90 0.0005 0.15 86.07
0.4 0.0011 0.16 83.72 0.0011 0.18 82.76 0.0006 0.15 87.01
0.5 0.0012 0.16 85.48 0.0011 0.18 85.01 0.0006 0.15 87.80
0.6 0.0014 0.17 86.56 0.0014 0.18 86.19 0.0008 0.16 88.15
0.7 0.0018 0.19 87.31 0.0021 0.21 87.12 0.0011 0.18 88.09
0.8 0.0039 0.25 87.44 0.0049 0.28 87.24 0.0029 0.24 87.83

5.3 Ablation Study

We conduct comprehensive ablations to validate the contribution of each com-
ponent in LiDAR-EVS. All experiments are on Para-Lane with real extrapolated
views to ensure rigorous evaluation. In the supplementary material, we provide
extra experiments by applying our method to other baselines and ablation ex-
periments for the multi-frame fusion and intensity adjustment.

Pseudo LiDAR Supervision. Table 5 and Figure 6 investigate the impact
of pseudo-LiDAR supervision strategies. The baseline without pseudo supervi-
sion (w/o Pseudo) corresponds to standard SplatAD training, showing poor ex-
trapolation performance with CD 0.35m, Depth 0.003m2 on right-shifted views.
Adding unidirectional supervision, either only the left-shifted pseudo LiDAR
or the right-shifted pseudo LiDAR improves performance on the corresponding
shift direction. For example, training with left-shifted pseudo LiDAR achieves
strong left-shift results of CD 0.20m but is limited on right-shifted views with
CD of 0.23m, revealing directional bias in unilateral training. Our full strategy
with random right or left direction lane width shifting pseudo LiDAR supervi-
sion achieves the best overall performance of CD 0.18m & 0.19m & 0.15m on
both extrapolated directions and the interpolated view with balanced ray-drop
accuracy of 84.3%, 84.0%, 87.7%, respectively. This confirms that diverse direc-
tional exposure is critical for symmetric generalization, preventing the model
from overfitting to specific trajectory patterns.

Spatially Constrained Dropout. Table 6 shows the dropout rate impact
on Para-Lane. Without dropout, extrapolation suffers a degraded ray-drop of
76.77% / 75.77%. While increasing the dropout rates improves extrapolation:
79.76% / 79.13% at 0.2, 83.72% / 82.76% at 0.4, and 85.48% / 85.01% at 0.5,
dropout rates beyond 0.5 plateau result in degraded geometry, where the Depth
will be decreased to 0.0014m2 − 0.0049m2. We use the dropout rate 0.5 as final,
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Table 7: Different Iteration Setup on nuScenes Dataset.

Depth ↓ CD ↓ Intensity ↓ Raydrop ↑ Training (H) ↓

SplatAD (30K) 0.009 0.41 0.038 93.7 1.2
SplatAD (40K) 0.009 0.40 0.038 93.7 1.45
Ours (30K) 0.011 0.41 0.041 92.7 0.85
Ours (40K) 0.009 0.40 0.038 93.5 1.1

Table 8: Runtime Analysis on Para-Lane Dataset.

1 × H20 Preprocess (H)↓ Training (H)↓ Total (H)↓

SplatAD - 3.84 3.84
SplatAD+Ours 0.3 1.69 1.99

maximizing extrapolation robustness while maintaining interpolation fidelity.

Training Iterations Trade-off on Interpolation-Extrapolation. As shown
in Table 7, pseudo-extrapolation supervision shifts capacity toward unseen views
under the default 30K iterations setting, introducing interpolation-extrapolation
trade-off. When increasing to 40K iterations, our approach achieves near Depth,
CD, Intensity, and a lower training time compared to SplatAD, confirming that
the trade-off is not a fundamental limitation but a budget allocation.

Runtime breakdown for pseudo-curation and training. As in the Ta-
ble 8, our method reduce the total overhead. The pseudo-curation uses only 0.3
hours on 190 frames, where the processing time for each frame are: Segmenta-
tion(0.5s), Multi-frame fusion(0.3s), Projection(1.5s), Occlusion curling(0.06s),
Intensity Adjustment(1.0s), Saving(2.3s).

6 Conclusion

We present LiDAR-EVS, a lightweight framework for robust extrapolated-view
LiDAR synthesis for autonomous driving simulation. Our pipeline produces high-
quality LiDAR renderings for viewpoints beyond the original sensor trajectory
by combining pseudo-LiDAR supervision with spatially constrained dropout. Ex-
tensive experiments on three public datasets show state-of-the-art extrapolated-
view performance: LiDAR-EVS significantly reduces Chamfer Distance and depth
error compared to prior methods while preserving competitive camera-rendering
quality. Its modular, plug-and-play design enables seamless integration with a
variety of LiDAR sensors and neural rendering baselines. Future work will focus
on enforcing temporal consistency for dynamic objects. LiDAR-EVS thus pro-
vides a practical, scalable foundation for data-driven driving simulation, helping
to bridge recorded data and closed-loop evaluation needs.
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