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Main Contributions

1. 1B Text2LiDAR Transformer f& 84 :

(1) EA (Equirectangular Attention)

(2) REA (Reverse Equirectangular
Attention)

(3) CEl (Context Embedding Injector)

(4) FM (Frequency Modulator)
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Equirectangular Transformer Network Frequency Modulator (FM)
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Control-signal Transfer Fusing Control-signal Embedding Injector (CEI)

Figure 2: The architecture of the designed Text2LiDAR, where the designed equirect-
angular transformer is composed of stacked EA (encoding stage) and REA (decoding
stage). The feature sequence will start interacting with the control signal at the 4th
layer and be fed into a 4-layer decoder composed of REA. During decoding, the feature
sequence continuously fuses the control signal through CEI. Finally, after frequency

modulation, we can get the predicted noise.



Preliminary

This section introduces the formulation of the denoising diffusion probabilistic
model (DDPM) and the loss function. As shown in Figure 1, the DDPM employs
a forward diffusion process to gradually destroy the data sample x by adding
noise as evolving the timestep ¢t € [0, 1] until it becomes pure Gaussian noise.
It also contains a backward reverse process, which aims at predicting the noise
in each timestep and converting the pure Gaussian noise back into the data
x. To be more specific, at the timestep ¢, we can obtain the noised sample x;
through q(x:|x) = N(asx,02I), where x; can be re-parameterized as: x; =
a;X + o€, € ~ N(0,I) and €; is the noise that vary with timestep t.
and o; are hyperparameters that depend on timestep t following the a-cosine
schedule [50], we set oy = cos(wt/2), oy = sin(nt/2). Under the assumption
a? + o2 =1, the process of obtaining the intermediate noised sample z, can be
described as g(x¢|xs) = N (oy|sXs, 07 i I), where 0 < s <t <1, oys = /s and

2

Ois = Ot — Ot]s0s. The corresponding reverse process can be described as:

P(Xs|x¢) = q(xs|x¢, X). (1)

After obtaining the noised sample x;, we need to design a denoiser Text2LiDAR,,
to predict the noise €; = Text2LiDAR.(x:,t) at each timestep t. Then, the
denoised results can be obtained through Equation 1. Completing the entire
denoising process for each timestep ¢, we can yield the final generated result. We
use the mean squared error (MSE) loss function for the training process:

L =Eyx eono1).¢]|| € — Text2LiDAR, (x4, t)||3], (2)

where ¢ means the learnable parameters. As is customary [50], our denoiser is
also conditioned on t. After training, we can obtain the final generated results
by recursively evaluating p(xs|x;) through the process for t =1 — 0.
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Text2LiDAR Denoising Network: Overall Architecture
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Figure 2: The architecture of the designed Text2LiDAR, where the designed equirect-
angular transformer is composed of stacked EA (encoding stage) and REA (decoding
stage). The feature sequence will start interacting with the control signal at the 4th
layer and be fed into a 4-layer decoder composed of REA. During decoding, the feature
sequence continuously fuses the control signal through CEI. Finally, after frequency

modulation, we can get the predicted noise.
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Text2LIDAR Denoising Network: REA
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Text2LiDAR Denoising Network: Frequency Modulator
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Figure 4: The number of occurrences of text in 850 scenes.
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