
LiDAR Diffusion
Towards Realistic Scene Generation with LiDAR Diffusion Models

Haoxi Ran  Vitor Guizilini  Yue Wang

Project Page Github arXiv



Motivation

Can we apply the successful controllable DMs to LiDAR scene simulation?

Ø Why?

q (Layout-to-LiDAR) To synthesize corresponding LiDAR scenes given some bounding 
boxes, thus turning them into labeled data

q (Camera-to-LiDAR) To generate a 3D scene from a set of images

q (Text-to-LiDAR) To control LiDAR simulation driven by language



Related Work

Diffusion Model (DM)
DDPM (NeurIPS’20)

Controllable DM
Latent Diffusion (CVPR’22)

LiDAR Simulation
CORLA (CoRL’17)

LiDAR Generation
LiDARGen (ECCV’22)



Ø LiDAR Diffusion:

o Unconditional 

o Conditional 

Ø LiDAR Compression: 

o Encoding

o Decoding   

Problem Formulation
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Ø Input & Output: range images 

Ø Input Condition: 

o Image-based (e.g., semantic maps)

o Token-based (e.g., bbox)

o CLIP-based (e.g., text prompts)



Towards LiDAR-Realistic Generation

Ø Pattern Realism: Compression with Curve-wise Encoding 

Ø Geometry Realism: Point-wise Coordinate Supervision

Ø Object Realism: Incorporating Patches for Hybrid Encoding

Curve Cloud [1]:
A sequence of points where consecutive point pairs 
are connected by a line segment, i.e., a polyline

[1] Stearns, C., Liu, J., Rempe, D., Paschalidou, D., Park, J.J., Mascha, S. and Guibas, L.J., 2023. CurveCloudNet: Processing Point Clouds with 1D 
Structure. arXiv preprint arXiv:2303.12050.



Towards LiDAR-Realistic Generation

Ø Pattern Realism: Compression with Curve-wise Encoding 

Ø Object Realism: Incorporating Patch-wise Encoding

Ø Hybrid Encoding: Curve-wise + Patch-wise Encoding

Ø Geometry Realism: Point-wise Coordinate Supervision
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Hybrid Encoding 
Compression Rate: 32

FSVD(↓): 56 | JSD (↓): 0.228

Hybrid Encoding boosts LiDAR Diffusion

Ground Truth

Curvewise Encoding 
Compression Rate: 16

FSVD(↓): 116 | JSD (↓): 0.232

Patchwise Encoding 
Compression Rate: 16

FSVD(↓): 60 | JSD (↓): 0.230



Unconditional LiDAR Generation

Visualization

Quantitative Performance

Overhead Analysis

Ø Performance: 10.6–53.2% improvements over the baseline

Ø Efficiency: 116× faster than previous SOTA



More Applications with LiDAR Diffusion

Semantic-Map-to-LiDAR Camera-to-LiDAR Text-to-LiDAR



Thanks!
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