










Scene Rubble JNU-ZH BigCity

Metrics SSIM PSNR LPIPS #G FPS SSIM PSNR LPIPS #G FPS SSIM PSNR LPIPS #G FPS

Switch-NeRF 0.544 23.05 0.508 – <0.1 0.574 21.96 0.587 – <0.1 0.469 20.39 0.645 – <0.1
CityGaussian (no LOD) 0.813 25.77 0.228 9.60 57.0 0.776 22.57 0.282 11.76 34.6 0.825 24.57 0.240 58.47 23.1
Hierarchical-3DGS (no LOD) 0.768 23.76 0.275 11.13 49.6 0.772 21.23 0.260 17.42 29.8 – – – – –
3DGS 0.796 25.72 0.304 7.10 108.9 0.763 22.02 0.350 3.66 152.7 0.830 24.52 0.279 33.21 22.7
Ours (no LOD) 0.826 27.29 0.228 13.52 78.2 0.822 25.85 0.232 25.58 41.2 0.847 26.62 0.219 75.15 23.7

CityGaussian 0.785 24.90 0.256 2.95 105.2 0.770 22.33 0.286 3.27 69.2 0.712 22.24 0.344 3.04 122.5
Hierarchical-3DGS 0.741 23.38 0.300 7.23 57.4 0.760 21.12 0.274 11.21 34.6 0.775 23.17 0.289 17.09 3.2
Ours 0.814 27.03 0.245 3.60 99.7 0.816 25.71 0.240 6.65 63.9 0.838 26.41 0.231 6.84 73.0

Table 1. Quantitative results on three large scene datasets. We report SSIM↑, PSNR↑, LPIPS↓, the number of Gaussians (#G, in 106)↓
and FPS↑ on test views. The best and second best results are highlighted. All missing results are denoted by a “–”.
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Figure 5. Visualization results. All methods (excluding 3DGS) render in LOD mode. Ours demonstrates better detail preservation and
fewer artifacts.

ity. However, increasing B to beyond a certain threshold
does not necessarily improve quality, because B only im-
poses an upper limit, and the scene may not require as many
Gaussians as the upper bound allows.

Budget (�100) SSIM PSNR LPIPS #G FPS

(1024, 2048, 4096) 0.771 26.13 0.297 1.61 126.9
(2048, 4096, 8192) 0.797 26.65 0.265 2.69 108.8
(4096, 8192, 16384) 0.814 27.03 0.245 3.60 99.7
(8192, 16384, 32768) 0.816 27.11 0.242 3.80 96.4

Table 2. Quantitative evaluation of budget B for detail level
generation. Adjusting the budget effectively controls resource
consumption, but also impacts the quality.

4.4. Ablation Study
We conduct ablation experiments to evaluate the impact of
different components of our proposed method.
Point-based Visibility. The 1st row of Table 3 presents
the results without point-based visibility, meaning that cam-
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Figure 6. Visualization results of ablation study. Our proposed
components effectively suppress the artifacts.

eras are assigmend to partitions solely based on spatial lo-
cations. We follow the setup of Block-NeRF [41] and ex-
pand the bounding box of each partition by 50% to define
the range for selecting training cameras based on their lo-
cations. However, it indicates that a purely position-based
selection leads to a suboptimal result. As shown in Ta-
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