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1. Implementation Details
1.1. End-to-end Rendering Pipeline

Rasterization Radius. During rasterization, each point is
expanded to a disk to compensate for point cloud sparsity.
We propose the following two heuristic rules to select disk
radius: 1) the disk should cover the gaps between the points,
otherwise the points from the occluded surfaces and the
background can be seen through the front surface (so-called
bleeding problem); 2) the radius should be as small as pos-
sible, otherwise it will lead to inaccurate depth estimation
and the edges of objects will expand. In practice, the selec-
tion of the radius depends on the density of point cloud, and
we can adjust the radius by observing the depth map ob-
tained by rasterization. We also conduct an ablation study
on radius, and it can be seen from Tab. 1 that the effect of
the radius is not significant.

radius 3e-3 4e-3 5e-3 6e-3 7e-3
Hotdog 34.62 35.25 35.82 35.37 34.95
Mic 33.64 33.49 33.40 33.14 32.73

Table 1. PSNR of Hotdog and Mic scenes under different rasteri-
zation radius. The effect of radius is not significant.

Radiance Mapping and Refinement. We follow the po-
sition encoding form of NeRF [7], but we narrow the en-
coding interval to provide more fine-grained basis function
support for frequency modulation, shown as follows:
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We set L as 10 and 2 for spatial coordinates and view di-
rections, respectively. Our AFNet has five layers, the input
feature dimension is 120, and hidden dimensions are 256,
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Figure 1. Gated convolution block.
256, 256 and 128. The output dimension is 11 (including
3-channel raw image and 8-channel feature map). Gated
convolution block used in U-Net is shown in Fig. 1. For
upsampling and downsampling in U-Net, we use nearest
neighbor interpolation and average pooling respectively.

Training. During training stage, we conduct data aug-
mentation by random scaling and cropping, and we found
that random scaling is critical for the training of U-Net. The
loss function is shown as follows:

L = LRGB + λLperceptual, (2)

and we set λ as 5e-3 in our experiments. Thanks to the ge-
ometric prior, our model requires only ten minutes of train-
ing to achieve realistic rendering, but takes about 10 hours
to almost converge, as shown in Fig. 2. In order to achieve
complete convergence, more than ten hours of fine-tuning
is required.

1.2. Point Cloud Geometry Optimization

Denoising We set k = 16, i.e., keep 16 points in each
pixel buffer. Each point pi in point cloud is assigned an
opacity parameter αi, and the color ci is predicted by MLP.
The ray color is obtained as the following discrete volume
rendering equation:

Ĉ(r) =

k−1∑
i=0

Tiαici, where Ti =
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(1− αj). (3)

We optimize the L2 distance of predicted image and ground
truth with sparse regularization as follows:

L = LRGB + λsparseLsparse,
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Figure 2. Rendering results during training. One Epoch consumes about 12.8s on NeRF-Synthetic. Our model requires only ten minutes of
training to achieve realistic rendering, but takes about 10 hours to almost converge. In order to achieve complete convergence, more than
ten hours of �ne-tuning is required.

Figure 3. Denoising step of preprocessing.

Figure 4. Depth map during geometry optimization. We remove
outliers near the track and shovel.

We set� sparse = 5e-4 in our experiments, and the learn-
ing rate of MLP and opacity parameters� are set as 5e-4
and 0.01, respectively. And for scenes without background,
we also add transparency loss,i.e. L2 distance of pre-
dicted transparency and ground truth transparency. When
the training converges, we remove those low-opacity points,
as shwon in Fig. 3.

In experiments, we perform 4-20 loops (depends on the

Figure 5. Original and completed point cloud. When an empty
buffer is detected, we add a set of points with opacity parameters
along the pixel ray in the point clouds, shown as red points. Al-
though the completion step introduces additional noise, it would
be removed in the denoising stage of the next iteration.

raw point cloud quality) of point cloud denoising and com-
pletion step alternately. For every denosing step, we train
for 300 Epochs. Fig. 4 shows the depth map computed by
volume rendering equation (replace colors as depth values
of sample points) during optimization. Fig. 5 shows the
point cloud after completion. Although the completion step
introduces additional noise, it would be removed in the de-
noising stage of the next iteration.

1.3. Editing Details

In practice, the part of point cloud that needs to be edited
(i.e., the object) is stored in the form of a mask. We use
PCL library [9] to implement a simple interactive selection
function, as shown in Fig. 7. In fact, users can obtain this
mask by selecting points using any interactive software.
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