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1 NFE /0.035 sec 2 NFE /0.068 sec 4 NFE /0.130 sec

16 NFE/0.514 sec 64 NFE/2.025sec 256 NFE/8.079 sec

X2 1-RF (LB ¥ 2-RF (FEX) 1T & 2B FEOAERMA

#1 KITTI-360 7 — Xt v %MWM T — X O

PR |
Fik EFAMEE (X5 X — &5 YR 7L—av—2  NFE FRD FPD MMDx104 JSDx102
LiDARGen [15]  RefineNet (30M) [5] v/ SMLD 1,160 579.39 90.29 7.39 7.38
R2DM [9] Efficient U-Net (31M) [12] v/ DDPM 256 154.14 3.79 0.73 2.19
LiDM [10] LDM (258M) [11] + APE (0.5M) X DDIM 200 N/A 372.81 0.67 430
REFE HDIT (80M) [2] v 1-RF 256 122.82 9.32 0.30 2.16
2-RF 256 148.10 11.06 0.29 2.24
R2DM [9] Efficient U-Net (31M) [12] v DDPM 1 2981.78 237.40 89.13 33.48
LiDM [10] LDM (258M) [11] + APE (0.5M) X DDIM 1 N/A 1240.25 188.41 36.14
REFE HDIT (80M) [2] v/ 1-RF 1 2724.66 3967.51 96.90 33.76
2-RF 1 743.97 27.94 11.05 3.86
2-RF-distilled 1 336.60 13.08 3.45 2.37
2-RF-distilled 2 212.09 11.00 3.12 2.39
2-RE-distilled 4 187.12 10.92 3.08 2.40
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2 £ X W

[1] Lucas Caccia, Herke van Hoof, Aaron Courville, and
Joelle Pineau. Deep generative modeling of LiDAR
data. In Proceedings of the IEEE/RS] International Confer-
ence on Intelligent Robots and Systems (IROS), pp. 5034-
5040, 2019.

[2] Katherine Crowson, Stefan Andreas Baumann, Alex
Birch, Tanishq Mathew Abraham, Daniel Z Kaplan,
and Enrico Shippole. Scalable high-resolution pixel-
space image synthesis with hourglass diffusion trans-
formers. In Proceedings of the International Conference on
Machine Learning (ICML), 2024.

[3] Sangyun Lee, Zinan Lin, and Giulia Fanti. Improv-

ing the training of rectified flows. arXiv preprint
arXiv:2405.20320, 2024.

2024 9 3 6

[4] Yiyi Liao, Jun Xie, and Andreas Geiger. KITTI-360:
A novel dataset and benchmarks for urban scene un-
derstanding in 2D and 3D. IEEE Transactions on Pattern
Analysis and Machine Intelligence (TPAMI), Vol. 45, No. 3,
pp- 3292-3310, 2022.

[5] Guosheng Lin, Anton Milan, Chunhua Shen, and Ian
Reid. Refinenet: Multi-path refinement networks for
high-resolution semantic segmentation. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR), pp. 1925-1934, 2017.

[6] Xingchao Liu, Chengyue Gong, and giang liu. Flow
straight and fast: Learning to generate and transfer
data with rectified flow. In Proceedings of the Inter-
national Conference on Learning Representations (ICLR),
2023.

[7] Kazuto Nakashima, Yumi Iwashita, and Ryo Ku-
razume. Generative range imaging for learning scene
priors of 3D LiDAR data. In Proceedings of the IEEE/CVF
Winter Conference on Applications of Computer Vision

(WACV), pp. 1256-1266, 2023.
[8] Kazuto Nakashima and Ryo Kurazume. Learning to

drop points for LiDAR scan synthesis. In Proceedings of
the IEEE/RS] International Conference on Intelligent Robots

and Systems (IROS), pp. 222-229, 2021.
[9] Kazuto Nakashima and Ryo Kurazume. LiDAR data

synthesis with denoising diffusion probabilistic mod-
els. In Proceedings of the IEEE International Conference on

Robotics and Automation (ICRA), pp. 14724-14731, 2024.
[10] HaoxiRan, Vitor Guizilini, and Yue Wang. Towards re-

alistic scene generation with LiDAR diffusion models.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR), pp. 1473814748,
2024.



RSJ2024AC3C3-05

42

[11] Robin Rombach, Andreas Blattmann, Dominik

Lorenz, Patrick Esser, and Bjéorn Ommer. High-
resolution image synthesis with latent diffusion mod-
els. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition (CVPR), pp. 10684—
10695, 2022.

[12] Chitwan Saharia, William Chan, Saurabh Saxena, Lala

Li, Jay Whang, Emily L Denton, Kamyar Ghasemipour,
Raphael Gontijo Lopes, Burcu Karagol Ayan, Tim Sali-
mans, et al. Photorealistic text-to-image diffusion mod-
els with deep language understanding. In Proceedings
of the Advances in neural information processing systems
(NeurIPS), Vol. 35, pp. 36479-36494, 2022.

[13] Dong Wook Shu, Sung Woo Park, and Junseok Kwon.

3D point cloud generative adversarial network based
on tree structured graph convolutions. In Proceedings
of the IEEE/CVF International Conference on Computer Vi-
sion (ICCV), pp. 3859-3868, 2019.

[14] Bin Yang, Patrick Pfreundschuh, Roland Siegwart,

Marco Hutter, Peyman Moghadam, and Vaishakh Patil.
TULIP: Transformer for upsampling of LiDAR point
clouds. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pp.
15354-15364, 2024.

[15] Vlas Zyrianov, Xiyue Zhu, and Shenlong Wang. Learn-

ing to generate realistic LiDAR point clouds. In Pro-
ceedings of the European Conference on Computer Vision
(ECCV), pp. 17-35, 2022.

2024 9 3 6



	head_text_0: RSJ2024AC3C3-05
	footer_text_0: 第42回日本ロボット学会学術講演会（2024年9月3日〜6日）
	head_text_1: RSJ2024AC3C3-05
	footer_text_1: 第42回日本ロボット学会学術講演会（2024年9月3日〜6日）
	head_text_2: RSJ2024AC3C3-05
	footer_text_2: 第42回日本ロボット学会学術講演会（2024年9月3日〜6日）
	head_text_3: RSJ2024AC3C3-05
	footer_text_3: 第42回日本ロボット学会学術講演会（2024年9月3日〜6日）


