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What is Neural Rendering?




Why Neural Rendering?



Capture the World




3D Reconstruction




3D Reconstruction

Input Depth Input RGB
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Reconstruction

Shaded with Voxel Colors

https://github.com/niessner/VoxelHashin TOG’13 [NielRner et al.]: Voxel Hashing


https://github.com/nachtmar/VoxelHashing

3D Reconstruction

https://github.com/niessner/VoxelHashin TOG’13 [NieRner et al.]: Voxel Hashing


https://github.com/nachtmar/VoxelHashing

3D Reconstruction

TOG’13 [Niellner et al.]: Voxel Hashing



Loop Closure

TOG’13 [Niellner et al.]: Voxel Hashing



3D Reconstruction: Real-time Bundling
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ToG’17 [Dai et al.]: Bundle Fusion



Loop Closure

TOG’13 [Niellner et al.]: Voxel Hashing



3D Reconstruction: Real-time Bundling

ToG’17 [Dai et al.]: Bundle Fusion



Streaming RGB-D Sensor

ToG’17 [Dai et al.]: Bundle Fusion



Real-time 3D Reconstruction

ToG’17 [Dai et al.]: Bundle Fusion



Real-time 3D Reconstruction

ToG’17 [Dai et al.]: Bundle Fusion



TOG’17 [Dai et al.]: BundleFusion



Incomplete Scan Geometry
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TOG’17 [Dai et al.]: BundleFusion



ScanComplete

Input Partial Scan

CVPR’18 [Dai et al.]: ScanComplete



ScanComplete

CVPR’18 [Dai et al.]: ScanComplete



SG-NN: Sparse Convs + Self-Supervised

SG-NN (Ours)

CVPR’20 [Dai et al.]: SG-NN



Still no realistic textures / appearance (yet)

If we can’t fix reconstruction, why not change rendering?



Conditional GANs for Neural Rendering



Conditional GANs for Neural Rendering
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Pix2Pix [Isola et al.]




Conditional GANs for Neural Rendering
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Fix rendered images?

Pix2Pix [Isola et al.]



Videos still challenging for cGANSs...

Pix2Pix [Isola et al. 2017]




DeepVoxels: Explicit 3D Features
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Simplified overview for novel view synthesis

CVPR’19 (Oral) [Sitzmann et al.]: DeepVoxels



DeepVoxels: Explicit 3D Features

Pix2Pix [Isola et al. 2017] DeepVoxels (Ours)
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CVPR’19 (Oral) [Sitzmann et al.]: DeepVoxels



Deferred Rendering

- Deferred Renderer

J\

Depth Normal Lighting

- Handcrafted “Feature Maps*“

Albedo




Neural Textures: Features on 3D Mesh

3D Geometry

Neural Texture

Siggraph’19 [Thies et al.]: Neural Textures



Neural Textures: Features on 3D Mesh

3D Geometry UV-Map

Neural Texture
Sampled Texture

Siggraph’19 [Thies et al.]: Neural Textures



Neural Textures: Features on 3D Mesh

3D Geometry UV-Map

Renderer Output Image

Neural Texture

Sampled Texture

Siggraph’19 [Thies et al.]: Neural Textures



Deferred Rendering

- Deferred Renderer
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Depth Normal Lighting

- Handcrafted “Feature Maps*“

Albedo




Deferred Neural Rendering
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Siggraph’19 [Thies et al.]: Neural Textures



Neural Textures: Features on 3D Mesh

3D Geometry UV-Map

Renderer Output Image

Neural Texture

Sampled Texture

Siggraph’19 [Thies et al.]: Neural Textures



Neural Textures: Features on 3D Mesh

Novel View Synthesis

B = o it #id

Sl X i aaee b -

o Pl : 4

A e e ' Iy . ~

o U
ey 3l LI
A
- gf
‘_ Outpu
i i

Scene Editing

Animation Synthesis

Siggraph’19 [Thies et al.]: Neural Textures



Novel View-Point Synthesis

Input UV-Map

Siggraph’19 [Thies et al.]: Neural Textures



Novel View-Point Synthesis
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Ground Truth

Siggraph’19 [Thies et al.]: Neural Textures



Input
Sequence

Geometry
Editing

Scene Editing

Siggraph’19 [Thies et al.]: Neural Textures



Scene Editing

Siggraph’19 [Thies et al.]: Neural Textures



Scene Editing

Siggraph’19 [Thies et al.]: Neural Textures



Facial Animation

Animation Synthesis
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Siggraph’19 [Thies et al.]: Neural Textures



Facial Animation

Animation Synthesis
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Siggraph’19 [Thies et al.]: Neural Textures



Facial Animation

Animation Synthesis
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Siggraph’19 [Thies et al.]: Neural Textures



Deferred Neural Rendering

Animation Synthesis
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Siggraph’19 [Thies et al.]: Neural Textures



Conditioning on Audio: Neural Voice Puppetry




Audio to Video

German News Video

English Audio

ECCV’20 [Thies et al. ]: Neural Voice Puppetry



Neural Voice Puppetry
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ECCV’20 [Thies et al. ]: Neural Voice Puppetry



Neural Voice Puppetry: Audio to Video

Audio Input )))

Video Output

ECCV’20 [Thies et al. ]: Neural Voice Puppetry



Neural Radiance Fields

ECCV’20 [Mildenhall et al. ]: NeRF



Neural Radiance Fields

NeRF

Representing Scenes as Neural Radiance Fields for View Synthesis
ECCV 2020 Oral - Best Paper Honorable Mention

Ben Mildenhall” Pratul P. Srinivasan’ Matthew Tancik” Jonathan T. Barron Ravi Ramamoorthi Ren Ng
UC Berkeley UC Berkeley UC Berkeley Google Research UC San Diego UC Berkeley

*
Denotes Equal Contribution

0:00 / 0:04

ECCV’20 [Mildenhall et al. ]: NeRF



Neural Radiance Fields
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ECCV’20 [Mildenhall et al. ]: NeRF



Neural Radiance Fields

&« & @ github.com/yenchenlin/awesome-NeRF
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Dynamic Neural Radiance Fields for 4D Avatars

Monocular Input Dynamic Neural Radiance
Sequence Field

CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Dynamic Neural Radiance Fields for 4D Avatars

Novel Poses

Novel Expressions

Monocular Input Dynamic Neural Radiance
Sequence Field
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CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Dynamic Neural Radiance Fields for 4D Avatars

Novel Poses

A |

4D Facial Avatar

Novel Expressions

Monocular Input Dynamic Neural Radiance
Sequence Field

CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Dynamic Neural Radiance Fields for 4D Avatars
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CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Dynamic Neural Radiance Fields for 4D Avatars
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CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Method — 3DMM

Input Frames
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Method — 3DMM

Pose [R|t]

Intrinsics f., cxy

CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Method - Background

Input Frames

to

1= B R ER
Pose [R|t] s o
B — | -dz
Intrinsics £ N RGB
n 250 Cx,
i \ BB BN N '
Viewing Ray Sampling Dynamic Radiance
Field Network Volumetric Rendering
3DMM

CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Method - Background
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CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Method - Dynamics

Background
Input Frames Background

[

Pose [R|t] il o
\:\ — o dz
SR

Intrinsics f., cxy § RGB

Viewing Ray Sampling Dynamic Radiance
Field Network Volumetric Rendering
3DMM

CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Method - Dynamics

Ground Truth No Expression Conditioning  With Expression Conditioning

Volumetric Rendering
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CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Method - Dynamics
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CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Method - Dynamics

Ground Truth No Latent Code With Latent Code

Volumetric Rendering
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CVPR’21 (Oral) [Gafni et al.]: Dynamic Neural Radiance Fields



Method - Dynamics

Ground Truth No Latent Code With Latent Code

Volumetric Rendering




Results

Control Pose Control Expression Estimated Normals



Results

Unseen Expressions Estimated Normals
Fixed Pose



Comparisons

First Order Motion Models Deep Video Portraits Ours Ground Truth

[Siarohin et al. "19] [Kim et al.’19]



Comparisons
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First Order Motion Models Deep Video Portraits

[Siarohin et al. "19] [Kim et al.’19]



Comparisons

First Order Motion Models Deep Video Portraits Ours Ground Truth

[Siarohin et al. "19] [Kim et al.’19]



Applications - Reenactment

Source Actor Our Result

Source Actor Our Result



So why is Neural Rendering so cool?




Digital 3D Reconstruction




How much can Al do?

Input UV-Map Ground Truth

Siggraph’19 [Thies et al.]: Neural Textures



Towards Holograms & Al Avatars ©
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