Indoor Scene Completion With
Pretrained Diffusion Models
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Figure 1. Pipeline of our method
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Figure 3. Comparison of methods for panorama generation
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Figure 4. Qualitative comparisons on ScanNet
Visual Geometric Semantic
Methods PSNRcolorl(T) SSIMeoior(T) LPIPS oior(1) MSEqepin(1) CSinpuil(T)

5% 10% 20% 50% 5% 10%  20%  50% 5% 10% 20% 50% 5% 10% 20% 50% 5% 10% 20% 50%
TextZRoom* [15] 13.2 149 167 17.2 0460 0543 0398 0615 0566 0488 0439 0417 055 021 014 012 075 079 081 0.80

RGBD2 [ 18] 13.7 160 175 186 0501 0562 03599 0609 0564 0488 0446 0417 038 015 008 006 071 072 072 073
Ours 144 167 176 182 0524 059 0.628 0.633 0531 0441 0410 0400 027 043 009 009 079 081 081 080

Table 1. Qualitative results on ScanNet [6]

Visual Geometric Semantic

Methods PSNR1or(T) SSIMcqioe(T) LPIPS q10:(1) MSEgepin(}) CSippurl 1)
5% 10% 20% 50% 5% 10% 20% 50% 5% 10% 20% 50% 5% 10% 20% 50% 5% 10% 20% 50%
Text2Room* [15] 11.4 129 143 152 0.383 0433 0498 0534 0.672 0601 0523 0480 092 070 032 028 083 085 0386 087
RGBD2 [15] 122 139 152 166 0463 0502 0541 0564 0665 059 0532 0474 051 029 020 001 080 081 081 081
Ours 132 147 158 168 0504 0545 0572 0592 0.630 0555 0499 0466 041 027 014 009 087 087 087 087

Table 2. Qualitative results on ArkitScenes [7]
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