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Introduction

NeRF[1]

[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020



Introduction

NeRF 1]

Inputs: sparsely sampled images of scene Outputs: new views of same scene

[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020
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NeRF[1]
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Volume rendering in NeRF (1]
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[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020
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Volume rendering in NeRF (1]

Rendering model for ray r(t) = o + td:
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[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020
[2] Max, N.: Optical models for direct volume rendering. In IEEE Transactions on Visualization and Computer Graphics, 1995
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Volume rendering in NeRF []
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[2] Max, N.: Optical models for direct volume rendering. In IEEE Transactions on Visualization and Computer Graphics, 1995
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Volume rendering in NeRF []

Rendering model for ray r(t) = o + td:
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[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020
[2] Max, N.: Optical models for direct volume rendering. In IEEE Transactions on Visualization and Computer Graphics, 1995
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Limitations of NeRF [']

[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020
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Introduction

Limitations of NeRF [']

1. NeRF has to be optimized per scene

2. NeRF requires millions of network inferences

[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020
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Introduction

Limitations of NeRF [] Advantages of MINE

1. NeRF has to be optimized per scene 1. MINE generalizes to unseen scenes
—

2. NeRF requires millions of network inferences 2. MINE requires lesser network inferences (e.g. 64)

[1] Ben Mildenhall, et al, Nerf: Representing scenes as neural radiance fields for view synthesis. In ECCV, 2020
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e Loss function

L = A1L11 + AssimLssim + Asmooth Lsmooth + AdLd (optional)
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e Loss function

L = A1LL1 + AssimLssim + Asmooth Lsmooth + AdLd (optional)
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e Loss function

L = A1LL1 + AssimLssim + Asmooth Lsmooth + AdLd (optional)
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e Loss function
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e Loss function
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e Loss function
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Experiments

Experiments on KITT]

Input
Target GT
MINE
MPI [51]
Traln Res Pre-trained  Depth Smoothess | LPIPS| SSIMt PSNRT
MINE 384x128 32 N Y 0.129 0.812 21.4
MINE 384x128 32 Y N 0.123 0.816 21.6
MINE 384x128 32 b Y 0.122 0.815 21.6
MINE 384x128 64 X Y 0.117 0.818 21.6
MINE 384x128 256 Y Y 0.112 0.828 21.9
Tulsiani et. al. [52] | 768x256 NA NA NA - 0.572 16.5
MPI [51] 768x256 32 NA NA - 0,733 19.5
MINE 768x256 32 Y 0.112 0.822 214
MINE 768x256 64 Y 0.108 0.820 21.3




Experiments

Input

Experiments on RealEstate10K
Target GT '

MPI [51]

MINE (N = 64)

LPIPS| SSIM?T PSNR*T
Method n=5 n=10 n=random | n=5 n=10 n=random | n=5 n=10 n=random
SynSin [56] - - - - - 0.74 - - 2231
MPI [51] 0.0967 0.1420 0.1761 0.8699 0.8124 0.7851 27.05 24.43 23.52
MINE (N = 32) | 0.0934 0.1346 0.1674 0.8970 0.8464 0.8172 28.51 25.73 24.56
MINE (N =64) | 0.0896 0.1280 0.1562 0.8974 0.8500 0.8219 28.39 25.71 24.50
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Experiments

Experiments on Depth Estimation

NYU-Depth V2 [30]

iBims-1 [21]

Method Supervision Dataset rel] logl0] RMS| ol11 o021t o031 |rel] logl0l RMS| o1t 021 o371
DIW [2] Depth DIW 0.25 0.1 0.76 0.62 0.88 0.96|0.25 0.1 1 0.61 0.86 095
DIW [2] Depth DIW+NYU 0.19 0.08 0.6 073 093 098/0.19 008 0.8 0.72 091 0.97
MegaDepth [24] Depth Mega 0.24 009 0.72 0.63 0.88 0.96(/0.23 0.09 0.83 0.67 0.89 0.96
MegaDepth [24] Depth Mega+DIW 0.21 008 0.65 0.68 091 09702 0.08 078 0.7 091 097
3DKenBurns [32] Depth  Mega+NYU+3DKenBurn | 0.08 0.03 0.3 094 099 1 (01 004 047 09 097 0.99
MiDaS v2.1 [37] Depth MiDaS 10 datasets 0.16 0.06 0.50 0.80 095 0.99/0.14 0.06 0.57 0.84 0.97 0.99
MPI [51] RGB RealEstate 10K 0.15 0.06 049 081 096 099021 0.08 085 0.7 091 097
MINE (N = 64) RGB RealEstate10K 0.11 005 040 0.88 098 0.99(/0.11 0.05 0.53 0.87 0.97 0.99
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Experiments

Experiments on Depth Estimation

NYU-Depth V2 [3

0]

iBims-1 [21]

Method Supervision Dataset rel] logl0] RMS| ol11 o021t o031 |rel] logl0l RMS| o1t 021 o371
DIW [2] Depth DIW 025 0.1 0.76 0.62 0.88 0.96/0.25 0.1 1 061 0.86 0.95
DIW [2] Depth DIW+NYU 0.19 008 06 073 093 098/0.19 0.08 08 0.72 091 0.97
MegaDepth [24] Depth Mega 024 0.09 0.72 063 0.88 096023 0.09 0.83 0.67 0.89 0.96
MegaDepth [24] Depth Mega+DIW 0.21 0.08 065 068 091 09702 0.08 078 0.7 091 097
3DKenBurns [32] Depth  Mega+NYU+3DKenBurn | 0.08 0.03 0.3 094 099 1 (01 004 047 09 097 0.99
MiDaS v2.1 [37] Depth MiDaS 10 datasets 0.16 0.06 050 0.80 095 0990.14 0.06 0.57 0.84 097 0.99
MPI [51] RGB RealEstate 10K 0.15 0.06 049 0.81 096 0.99(0.21 008 0.85 0.7 091 097
MINE (N = 64) RGB RealEstate 10K 0.11 0.05 040 0.88 098 099/0.11 0.05 0.53 0.87 097 0.99
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