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Introduction

 Neural rendering methods(using implicit MLP representation)
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Introduction

 Neural rendering methods(using implicit MLP representation)
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Introduction

 Neural rendering methods(using explicit voxel representation)
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Introduction

 Neural rendering methods(using explicit voxel representation)
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Introduction

« 3D Gaussian
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Introduction
» Dataset
- 3D Gaussian Splatting 2 2 st& 2 ¢[2 O|O|H +4
- Multi view images, 3D point cloud, calibrated camera parameter
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Main Method

« Differentiable 3D Gaussian Splatting
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Main Method

« Differentiable 3D Gaussian Splatting

- 3D Gaussian modeling
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Main Method

« Differentiable 3D Gaussian Splatting 24S o|n|5ts

- Covariance matrix modeling
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Main Methods

« Optimization With Adaptive Density Control Of 3D Gaussians
- Optimization
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Main Methods

« Optimization With Adaptive Density Control Of 3D Gaussians

- Adaptive control of Gaussians
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Main Methods

« Optimization With Adaptive Density Control Of 3D Gaussians

- Adaptive control of Gaussians
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Main Methods

» Fast Differentiable Rasterizer For Gaussians

- NeRF 2| volume rendering 1t = 25t gt 43l
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Main Methods

» Fast Differentiable Rasterizer For Gaussians

- Rasterization
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MipNeRF360
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-MipNeRF360 — 7| & HIEHE d5 SOTA 2 E
- AL = o
» Point cloud =7 §10] t5 & 8%
Mic Chair Ship Materials Lego Drums Ficus Hotdog Avg.
Plenoxels 33.26 3398 29.62 29.14 3410 2535 31.83 36.81 31.76
INGP-Base | 36.22 3500 [3140° 2978 [3639 2602 3351 3740 33.18 Point cloud 20| =
Mip-NeRF | 3651 3514 30.41 | 3071 3570 2548 3329 3748  33.09 ¥ st M52 R
Point-NeRF | 35.95 35.40 30.97 29.61 35.04 2606 36.13 3730  33.30
Ours-30K 35.36 = 3583 30.80 30.00 3578  26.15 3487 3772 3332
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Plenoxels

Ol M CHE-= 2| HIO|E{ 0 A SOTA &

30K iteration
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Dataset Mip-NeRF360 Tanks&Temples Deep Blending

MethodMetric | SSIMT  PSNRT LPIPS' Train FPS Mem | SSIM! PSNR! LPIPS' Train FPS Mem | SSIMT PSNR' LPIPS' Train FPS  Mem
Plenoxels 0.626 23.08 0.463 25m49s  6.79 2.1GB 0.719 21.08 0.379 25m5s 130 23GB 0.795 23.06 0.510 27m49s 112 2.7GB
INGP-Base 0.671 25.30 0.371 5m37s 11.7 13MB 0.723 21.72 0.330 5m26s 171 13MB 0.797 2362 0.423 6m3ls  3.26 13MB
INGP-Big 0.699 25.59 0.331 7m30s 943 48MB 0.745 21.92 0.305 6m59s 144  48MB 0.817 2496 0.390 8m 2.79  48MB
M-NeRF360 0.792" 27.69" 0.237" 48h 0.06 8.6MB 0.759 22.22 0.257 48h 0.14 8.6MB 0.901 2940 0.245 48h 0.09 8.6MB
Ours-7K 0.770 25.60 0.279 6m25s 160  523MB 0.767 21.20 0.280 6m55s 197  270MB 0.875 27.78 0.317 4m35s 172 386MB
Ours-30K 0.815 27.21 0.214 41m33s 134  734MB 0.841 23.14 0.183 26m54s 154 411MB 0.903 2941 0.243 36ma2s 137  676MB
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Conclusion

e Conclusion

- 3D Gaussian = &2 3Xt{ radiance fields 2 &
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 Limitation
- Point cloud 7} =H| |0 UK o™ 7|E& 73 dHE HHEL 850 X2
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