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In the appendix, we first provide a detailed description of our hyperparame-
ters in Sec.[I} Additionally, we present the quantitative results of our main experi-
ments in Sec. |2} Furthermore, we conduct additional experiments to demonstrate
the performance of our method in Sec. [3]

1 Hyperparameters

In this section, we present the hyperparameters utilized during training. For
Gaussian pruning, we set the Gaussian mask threshold ¢¢pes to 0.1, and the
learning rate of Gaussian masks to 0.01. Regarding adaptive SHs pruning, the
SH mask threshold 6pes is set to 0.1, and the learning rate of SH masks for
all 3 degrees to 0.05 for real scenes and 0.005 for synthetic scenes. Concerning
ECVQ, the learning rates are set to 0.0002 for codebooks and 0.002 for logits.
The codebook size is 8192 for scales, rotations and base colors, while it is 4096
for SH parameters of all 3 degrees. For A values across all modules, Astprune
and Agsprune differ in rates, as detailed in the first two rows of Tab. [I|- Tab. E|,
whereas all A in ECVQ remain rate-invariant. Specifically, A(*), which balances
the rate and distortion for scales in ECVQ, is set to 32768, while ("), \(PC)
NSHL X(SH2) and \SH3) are all set to 256.

2 Quantitative Results

In this section, we present the detailed experimental results for all four datasets.
We organize the results into two groups. The first group displays the quantitative
results averaged over scenes on each dataset across different rates, as listed in
Tab.[I]- Tab.[d The second group shows the quantitative results with the highest
rate on each dataset across different scenes, as presented in Tab. [5]- Tab. [§
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Table 1: Quantitative results on Tanks and Temples dataset across different rates.
The values are averaged over all scenes in the dataset.

GSprune 0:05 0:02 0:01 0:005 0:002 0:0005

SHprune 0:5 0:2 0:1 0:05 0:02  0:005
Rate (MB) 1.32 239  3.74 549 8.02 12.02
PSNR 22.09 22.69 2298 23.14 23.28 23.34
SSIM 0.755 0.793 0.812 0.823 0.831 0.835
LPIPS 0.318 0.264 0.233 0.214 0.202 0.195
Gaussian prune ratio | 0.951 0.900 0.841 0.763 0.646 0.471
Ada. SHs prune ratio | 0.998 0.993 0.985 0.970 0.930 0.833

Table 2: Quantitative results on Deep Blending dataset across different rates. The
values are averaged over all scenes in the dataset.

GSprune 0:05 0:02 0:01 0:005 0:002 0:0005

SHprune 0:5 0:2 0:1 0:05 0:02  0:005
Rate (MB) 1.22 2.40 4.14  6.71 10.96 18.00
PSNR 28.38 29.07 29.35 29.48 29.59 29.63
SSIM 0.872 0.887 0.895 0.899 0.901 0.902
LPIPS 0.331 0.296 0.277 0.265 0.256  0.252
Gaussian prune ratio | 0.974 0.939 0.891 0.818 0.693 0.484
Ada. SHs prune ratio | 0.999 0.998 0.995 0.987 0.965 0.894

Table 3: Quantitative results on Mip-NeRF 360 dataset across different rates. The
values are averaged over all scenes in the dataset.

GSprune 0:05 0:02 0:01 0:005 0:002 0:0005

SHprune 0:5 0:2 0:1 0:05 0:02  0:005
Rate (MB) 1.71 3.54 6.16 9.76 15.35 23.46
PSNR 24.43 25.38 26.03 26.50 26.87 27.05
SSIM 0.683 0.734 0.764 0.784 0.796 0.802
LPIPS 0.406 0.343 0.299 0.268 0.248 0.239
Gaussian prune ratio | 0.965 0.922 0.862 0.776 0.636  0.437
Ada. SHs prune ratio | 0.999 0.996 0.989 0.970 0.922 0.809
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Table 4: Quantitative results on NeRF Synthetic dataset across different rates. The
values are averaged over all scenes in the dataset.

GSprune 0:005 0:002 0:001 0:0005 0:0002 0:0001

SHprune 0:025 0:01 0:005 0:0025 0:001 0:0005
Rate (MB) 0.42 0.73 1.02 1.33 1.84 2.31
PSNR 29.95 31.23 32.01 32.56 3297  33.12
SSIM 0.946 0.956 0.961 0.964  0.966 0.967
LPIPS 0.064 0.050 0.043 0.038 0.035 0.035
Gaussian prune ratio | 0.942 0.895 0.840 0.768 0.644 0.532
Ada. SHs prune ratio | 0.961 0.864 0.749 0.624 0.473 0.374

Table 5: Quantitative comparison on Tanks and Temples dataset and Deep Blending
dataset across different scenes. The results of our method are from the highest rate
configuration. 3DGS is implemented by ourselves.

Scene ‘ Truck Train DrJohnson Playroom
Rate (MB) | 609.32 254.89  771.44 550.56
3DGS PSNR 25.36  21.97 29.06 29.96
SSIM 0.878 0.810 0.898 0.901
LPIPS 0.148 0.209 0.247 0.246
Rate (MB) | 14.87 9.18 22.89 13.11
Ours PSNR 25.04 21.64 29.10 30.16
v SSIM 0.870 0.799 0.899 0.905
LPIPS 0.161 0.228 0.253 0.251

Table 6: Quantitative comparison on Mip-NeRF 360 dataset (ourdoor scenes) across
different scenes. The results of our method are from the highest rate configuration.
3DGS is implemented by ourselves.

‘ Scene ‘ Bicycle Flowers Garden Stump Treehill
Rate (MB) | 1335.48 807.02 1329.37 1096.31 809.95
apas | PSNR 2511  21.32 2730 26.67 22.51
SSIM 0.747  0.589  0.856 0.770  0.635
LPIPS 0.244 0359 0.122 0242  0.348
Rate (MB) | 43.14 2652 3875 36.17 28.76
o PSNR 24.88 21.16 26.78  26.53  22.53
WS ssTM™ 0.734 0577 0.838 0.762  0.629
LPIPS 0.266 0.372 0.148 0258  0.364




4 H. Wang et al.

Table 7: Quantitative comparison on Mip-NeRF 360 dataset (indoor scenes) across
different scenes. The results of our method are from the highest rate configuration.
3DGS is implemented by ourselves.

‘ Scene ‘ Room Counter Kitchen Bonsai
Rate (MB) | 349.48 275.71 415.42 293.48
apas | PSNR 31.62 29.10 31.45 32.33
SSIM 0.926 0914 0932  0.946
LPIPS 0.197 0.184  0.117  0.181
Rate (MB) | 811 791  13.01 877
o PSNR 3111 2851 3049 31.43
WS ssTM™ 0.918 0.902 0921 0.937
LPIPS 0.212  0.205 0.130  0.196

Table 8: Quantitative comparison on NeRF Synthetic dataset across different scenes.
The results of our method are from the highest rate configuration. 3DGS is implemented
by ourselves.

‘ Scene ‘ Chair Drums Ficus Hotdog Lego Mic Materials Ship
Rate (MB) | 115.68 92.29 62.40 43.92 81.41 4587 37.74 65.76
3DGS PSNR 35.55 26.28 35.48 38.03 36.10 36.70 30.48  31.67
SSIM 0.988 0.955 0.987 0.985 0.983 0.993 0.960 0.906
LPIPS 0.010 0.037 0.012 0.020 0.016 0.006 0.037 0.106
Rate (MB) 298 3.02 205 1.66 2.77 1.46 1.91 2.65
Ours PSNR 34.63 26.01 35.21 37.28 35.25 35.60 29.94 31.07
SSIM 0.984 0.953 0.986 0.983 0.980 0.991 0.957 0.901
LPIPS 0.014 0.040 0.013 0.024 0.020 0.008 0.043 0.115

3 Additional Experiments
3.1 E[edt of Gaussian Pruning

To validate the performance of Gaussian pruning, we deactivate other modules
and exclusively enable Gaussian pruning. We vary Agsprune values for different
prune ratios. The results are depicted in Fig. [l We observe that our method
can attain the quality of 3DGS when approximately 50% Gaussians are pruned.
Moreover, even with a prune ratio exceeding 90%, our method can still depict
the scene using sparser Gaussians without significant quality degradation.

3.2 Rendering Speed

We compare the average Frames Per Second (FPS) of our method and 3DGS
during the rendering process on real-scene datasets, as outlined in Tab. [0} Both
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