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Proposed Method: Preliminary

1) Forward diffusion process: Conveniently, since the
forward diffusion process follows the additive Gaussian, the
noisy samples z; at arbitrary timestep ¢ can be given by:

q(z: | ) = N(apx, 07 1), (1)

where o; and o; are parameters to determine the noising
schedule. For example, the most popular schedule 1s a-cosine
schedule [13] where a; = cos(nt/2) and o, = sin(wt/2).
This transition distribution can be re-parameterized as:

2t = Ot Ot€E, (2)

where € ~ N(0,I) and the signal-to-noise ratio of z; can
be defined as \; = a?/o? = cot?(wt/2). In addition, the
transition of latent variables ¢(z; | z5) from timestep s to t,
for any 0 < s <t <1, can be written as:

Q(zt I zs) — N(at|sz870t2|s )7 (3)

2

where oys = ai/os and o3,

— O-t - atlso.s.

2) Reverse diffusion process: Given the distributions
above, the reverse diffusion process p(z; | z;) is given by:

p(zs | 2t) = N(pe(z, 20), X71),

9 2 2 2
At|sO g | a30t|s 2 at|saS 4)
Mt(w,Zt) — 5 Zt 1 5 €Ir, Et — 5
Ot Ot Ot

3) Training: The training objective of DDPM is to esti-
mate the unknown x in Eq. 4 by a neural network, where
U-Net [20] 1s generally used. In general, e-prediction and
e-loss [12] are preferable; re-parameterizing x as a function
of noise € by Eq. 2. The loss function is given by:

L =Eqgenon,tuo € =€z )],  G)

where €(-) is the neural network predicting the noise € from
z; and the corresponding ;.

4) Sampling: Once the training 1s complete, we can
sample data by recursively evaluating p(zs; | z;) where x
is approximated by & = (z; — 0:€(2¢, \¢)) /¢ with a finite
number of steps 1" from ¢t =1 to t = 0.
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Proposed Method: Loss Function

L = 4:m,efv,/\/'((),l),tfvz/(((),l) I:HG o é(Zt, )\t)Hg]
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Proposed Method: Data Representation
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Proposed Method: Spatial inductive bias
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Fig. 2. Overview of R2DM. (a) The diffusion processes are performed on the range/reflectance image representation. (b) U-Net is trained to recursively
denoise the latent variables z; at ¢ > 0, conditioned by the beam angle-based spatial bias and the scheduled signal-to-noise ratio \¢.
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(a) Range/reflectance image-based diffusion model
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Proposed Method: Noise Prediction Model

TABLE I
ARCHITECTURE COMPARISON OF DIFFUSION-BASED MODELS

Method U-Net architecture # params msec/step!

LiDARGen [6] RefineNet [31] in [10] 29,694,082 47.17
R2DM (ours) Efficient U-Net [15] 31,099,650 15.77

T Average time of 1000 runs on our GPU w/ PyTorch compilation.
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Fig. 2. Overview of R2DM. (a) The diffusion processes are performed on the range/reflectance image representation. (b) U-Net is trained to recursively
denoise the latent variables z; at ¢ > 0, conditioned by the beam angle-based spatial bias and the scheduled signal-to-noise ratio \¢.
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Experiments: Compared with LIDARGen
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TABLE II
QUANTITATIVE COMPARISON OF KITTI-360 GENERATION.

= 10k >

£ 64 beam ) KITTI-360 204842 1T, 4 LiDAR ZHRE #3552 3] 64 % 1024 Y] range view image |
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LLoss Function

Configurations? Image Point cloud BEV
Method (Framework) NFE Loss Range Positional encoding FRD | FPD | MMDx104]  JSDx102 ]
LiDARGen (NCSNv2) [6] 11607 Lo Log-scale Identity 579.39 90.29 7.39 7.38
Ours (DDPM) config A 256 Lo Log-scale Identity 202.40 7.11 1.67 4.52
config B 256 L4 Log-scale Identity 382.35 21.42 7.70 8.28
config C 256 Huber Log-scale Identity 174.83 11.20 1.55 4.71
config D 256 Lo Metric Identity 229.28 12.03 1.47 4.01
config E 256 Lo Inverse Identity 188.84 19.66 1.85 3.12
config F 256 Lo Log-scale w/o spatial bias 910.67 253.21 40.45 18.05
config G 256 Lo Log-scale Spherical harmonics 180.60 4.90 2.18 4.12
config H 256 Lo Log-scale Fourier features 153.73 3.92 0.68 2.17

9

T Five steps for each of the 232 noise levels. £ The shaded cells indicate the differences from config A.
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Experiments: Compared with LIDARGen

Range View #%x: FRD #5458
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1. JSD

JSD(R|Q) = 5 KL(R|M) + 5 KL(QI|M)

geh M=3(P+Q) 2 PRl Q FEHH.

2. MMD

MMD(P,Q) =
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Experiments: Compared with LIDARGen
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Fig. 4. Comparison of diffusion-based methods. For overall metrics,

our method achieved better scores with the significantly lower number of
function evaluations (NFE), against 1160 steps of LiDARGen [6].
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Experiments: Compared with GAN Method

TABLE III
QUANTITATIVE COMPARISON ON KITTI-RAW GENERATION.

Image Point cloud BEV
Method FRD | FPD | MMD x 104 | JSDx102 |
Vanilla GAN [3, 4] 3657.60 1.02 5.03
DUSty vl [4] 223.63 0.80 2.87
DUSty v2 [5] 98.02 0.22 2.86
R2DM (T' = 256) 215.27 128.74 0.72 3.79
R2DM (T" = 512) 209.24 89.62 0.65 3.76
R2DM (T' = 1024) 207.31 70.34 0.44 3.56

FRD is not available for the baselines [4, 5] which do not support the reflectance.

line in FPD. We believe that the performance gap with the
KITTI-360 experiment lies in the setup of range images. In
KITTI-360 experiments, the range images were downscaled
to alleviate missing points called ray-drop noises. In contrast,
the range images of KITTI-Raw were also downscaled but
the ray-drop noises were retained to be closer to raw scan
data. It 1s considered that there 1s room for further ingenuity
to handle noisy settings, such as full resolution.
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