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Presenter Notes
Presentation Notes
Hi I’m Lingjie Liu, now a postdoc at Max P…. It’s my great pleasure to give a talk at AG seminar about our recent work in Neural representation and rendering of 3d real-world scenes. 
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We Live in a World that is 3D and Contains Dynamics
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Presenter Notes
Presentation Notes
Now, go back to the talk. First, I’ll give you the motivation that attracts me to do the research in neural representation and rendering and what is my long-term vision. 

As shown in this video, We live in a world that is 3D. our activities, such as dancing, playing instruments, and interacting with people and objects are all performed in 3D. 
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We Digitize Our World in 3D
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Presentation Notes
We digitize our world in 3D representations.

This allows us to visualize real-world scenes from arbitrary viewpoints.

This also helps us better understand the real-world scenes, for example, to help surgeons observe and make decisions during operations.  

Moreover, 3D representations allow us to interact with and edit the real-world scenes at our wills. 
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Future Al: Towards 3D Aware
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Presentation Notes
Also, the future artificial Intelligence should have capabilities to understand and interact with the 3D world for better behaving and helping people. 


Long-term Vision

3D Scene Generation

3D Reconstruction
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Image Synthesis
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Presentation Notes
Therefore, my third goal is to automatically generate a large amount of realistic 3D scenes and their corresponding imagery that can be used to train 3D learning models. 


Why are they challenging?
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Now, I’ll explain why these goals are challenging. 


3D Reconstruction and Image Synthesis are Challenging

3D Scene Generation

3D Reconstruction
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Therefore, my third goal is to automatically generate a large amount of realistic 3D scenes and their corresponding imagery that can be used to train 3D learning models. 


Classical Computer Graphics Pipeline

3D Reconstruction
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Modeling and rendering real-world scenes are two key problems in computer graphics and have been explored for decades. 

The classical computer graphics pipeline solves these as two separate problems.
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Image-based 3D Reconstruction

Mesh: dense_fused.ply
Vertices: 149

COLMAP [Johannes et al. 2016, Schoenberger et al. 2016]
(Input: 100 images)
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The automatic way to obtain the 3D model in the images is to apply image-based 3D reconstruction methods, such as multi-view stereo. 

However, these methods cannot produce high-quality results. For example, here, given 100 images as input, the reconstruction result is noisy and has large missing parts. 
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Computer Graphics Rendering

Rendering requires very high-quality 3D models
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On the other hand, computer graphics rendering methods require very high-quality 3D models as input for photo-realistic rendering, as shown on the left.  
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Here we can see the gap between the output of image-reconstruction methods and the required quality of the 3D model for photo-realistic rendering. 
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Self-supervised Learning of 3D Scenes

Allow the gradients of 3D
objects to be calculated and
propagated through images

Neural Differentiable
Representations Rendering

3D Rec&& . ' >Sy. Image Loss C
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How to do this?

It turns out we can link the reconstruction and rendering parts into an end-to-end pipeline by formulating the image synthesis process as a differentiable physics-based rendering process. 

In this way, by comparing the rendered images against the ground truth images, the 3D geometry and appearance can be optimized. 

Furthermore, since the rendered images are enforced to be close to the ground truth images by minimizing the loss function, the rendered images will be photo-realistic. 



Classical (Handcrafted) Representations

= Features are hand-crafted for each application.

Not differntiable

Graphics Rendering Robotics

Albedo, specular color, ... Geometry, affordance, ...
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Can't represent all propertles of scenes.
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Physics Simulation

Fiction coefficients, mass, ...
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How to do this?

It turns out we can link the reconstruction and rendering parts into an end-to-end pipeline by formulating the image synthesis process as a differentiable physics-based rendering process. 

In this way, by comparing the rendered images against the ground truth images, the 3D geometry and appearance can be optimized. 

Furthermore, since the rendered images are enforced to be close to the ground truth images by minimizing the loss function, the rendered images will be photo-realistic. 
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Neural Scene Representations

= Goal: Learning scene representations from data.
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Differentiable.
Can represent properties which are not
easy to explicitly specify.
Generic to all the applications.
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How to do this?

It turns out we can link the reconstruction and rendering parts into an end-to-end pipeline by formulating the image synthesis process as a differentiable physics-based rendering process. 

In this way, by comparing the rendered images against the ground truth images, the 3D geometry and appearance can be optimized. 

Furthermore, since the rendered images are enforced to be close to the ground truth images by minimizing the loss function, the rendered images will be photo-realistic. 



Neural Scene Representations

Neural scene
representation

@_

=

Latent

Rendering steps

Query !

Predicted
view

Representation network f

Generative Query Networks
[Eslami et al. 2018]

Images & poses

| Global
timization

Generation network g

DeepVoxels

I

DeepVoxels
[Sitzmann et al. 2019]

7

%

[Flynn et al., 2016; Zhou et al., 2018b;

Neural Volumes

[Lombardi et al. 2019]
Voxel Grids + Ray Marching

Irﬁll[P]

I, al
.
P4

informatik

1) Reshaping
: 5 R [ : E 3 32x32x (32x16)
: Lo 7 : = = 5 . H 2) MLP
) >> ! HOS $,§ 8 £l i % o Hi t (1x1 CONVOLUTION)
: ‘r e / : €& £ & Sa 5 32x32x32x16
L o y : 3 s SIS 32x32x512
Lgaroshape 1t : a 8 PROJECTION UNIT
[Raihak st H 32x32x512
|-®-| 3D CONVOLUTION v
N, T ey
Camera pos '
E
@ I S 1 e e
L a &
a S S
Light position H ) o v
H ! i FINAL NORMAL
! INPUT OUTPUT MAP

512x512x3 |

512x512x3 2D CONVOLUTION

RenderNet [Nguyen-Phuoc et al. 2018]
Voxel Grids + CNN decoder

Mildenhall et al. 2019]
Multiplane Images (MPIs)

5D Input

Output
Position + Direction

Color + Density

(xpz08)—| | [ |- (RGBo)
";’F’ @I] \ . ‘ny 1

o Rxﬂ%d/

SRN [Sitzmann et al. 2019b]

NeRF [Mildenhall et al. 2020]  IDR [Yariv et al. 2020]

Implicit Fields

15 Lingjie Liu

max planck institut


Presenter Notes
Presentation Notes
Unlike explicit geometric representations, neural implicit functions are smooth, continuous, and can - in theory - achieve high spatial resolution. 

A representative work is Neural Radiance Fields, also called NeRF. NeRF has attracted a lot of attention recently due to its high-quality results. 
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NeRF [Midenhall et al. 2020]
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NeRF suffers from a slow rendering process

(p,v)

)
Rendering speed: 100 s/frame

[Mildenhall et al. 2020] _
Image resolution: 1920x1080

17 Lingjie Liu


Presenter Notes
Presentation Notes
One main limitation of NeRF is its slow rendering process. 

For example, NeRF needs 100 seconds to render an image at 2k*1k resolution. 

That is because NeRF needs to evaluate a large number of the sampled points using the MLPs. 

We will discuss how to address this issue later in this talk.
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Neural Sparse Voxel Fields (NSVF)

A &
NeRF (Mildenhall et al. 2020) Ours (NSVF)
(Rendering speed: 100 s/frame) (Rendering speed: 2.62 s/frame)

L. Liu, J. Gu, K.Z. Lin, T.S. Chua, C. Theobalt. Neural Sparse Voxel Fields, NeurlPS 2020 Spotlight
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We propose a new method, called Neural Sparse Voxel Fields, or NSVF for short.

Compared to NeRF, our method can render much faster while achieving better quality.


  




max planck institut
informatik

Other Works for Fast Rendering and Fast Training
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Dynamic Scene Representations
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Generalization
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Other Topics

= Pose estimation
= Relighting
= Editing and Composition
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Neural Surface Reconstruction

Volume density used as scene representation lacks surface constraints
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Surface Representation + Volume Rendering
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In constrast, NeRF is more robust in this case with complex objects because the gradient in volume rendering method would be back-propagated to all the sampled points. However, NeRF is incapable of extracting accurate surfaces due to its lack of surface constraints.

In our recent work, NeuS, we combine the advantages of these two kinds of methods. We used a surface representation and designed a new volume rendering method for accurate and robust multi-view surface reconstruction. 
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Our method is capable of reconstructing these challenging thin structures from multi-view 2D images.
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Other New Neural Scene Representations
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Other New Neural Scene Representations
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Other New Neural Scene Representations

= Physics Informed Neural Fields
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M. Chu, L. Liu, Q. Zheng, E. Franz, H.P. Seidel, C. Theobalt, R. Zayer.

Physics Informed Neural Fields for Smoke Reconstruction with Sparse Data, SIGGRAPH 2022 (Journal track)
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Result Comparisons:
Hybrid Scene

Reference, Novel View Ours, Novel View Our smoke, Novel View Reference velocity
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In the following, we show more results on hybrid scenes with fluid and obstacles.
The first scene is a regular one with a sphere obstacle.
We see that our model with a hybrid structure can successfully separate the obstacle and the smoke
The velocity is reconstructed accurately.


= Qurs, A Rotating View

Ref, density (side-front-top)
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Here we show another hybrid scene with a static car, a strong free-stream velocity in the scene, and some smoke passing though from front.
As shown in the rendered novel and rotating views, we likewise separate static car and dynamic smoke successfully.

Here we show the reconstructed velocity field.
While the reconstructed velocity is not as turbulent as the reference since density is mixed up, it manages to roughly matches the ground-truth velocity.

Being able to reconstruct hybrid fluid scenes from images with unknown lighting conditions and arbitrary obstacles,
We see our method as an important step towards capturing and analyzing real-world fluid phenomena with relaxed constraints.


Scene Generation is challenging

3D Scene Generation

3D Reconstruction
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Therefore, my third goal is to automatically generate a large amount of realistic 3D scenes and their corresponding imagery that can be used to train 3D learning models. 


max planck institut
informatik

Scene Generation is challenging
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Next , the success of machine learning has demonstrated the importance of large-scale training data for learning powerful neural networks. 

Developing AI technologies that can perceive, understand and interact with 3D contents also requires large-scale and high-quality 3D data with corresponding photo-realistic imagery. 

However, existing high-quality 3D data is far from sufficient. 


How to Generate New 3D Scenes?

Training Data? Multi-view Images?

33
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So far, we’ve talked about how to reconstruct and render 3D scenes depicted in the input images. 

Now, let’s consider how to generate new 3D scenes with corresponding synthesized images. 

For this task, a large data is needed to make the model learn how to generate. Then, what should be our training data? Multi-view images? 
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How to Generate New 3D Scenes?
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Or single-view images?

Compared to multi-view images, single-view images are much more easily accessible.
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How to Generate New 3D Scenes?

. Model? | 2D GANs?

Generate merely 2D images,
without 3D information

Results of the state-of-the-art GAN model (StyleGAN2)
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How about the network model?

2D GANs can be trained on 2D single-view images and generates new images. 

However, what 2D GANs generate are merely 2D images, without any 3D information. So such model lacks explicit 3D control.
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How to Generate New 3D Scenes?

. Model? | 3D GANs?

J. Gu, L. Liu, P. Wang, C. Theobalt.
StyleNeRF: A Style-based 3D-Aware Generator for
High-resolution Image Synthesis, ICLR 2022
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Recently, we proposed StyleNeRF, a method that combines 3D neural scene representations with 2D generative models. Due to the limited time, I will skip the details but only show some results. 



Other 3D GAN Models
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Finally, I’d like to discuss the future directions of my research. 


Neural

Representations

Differentiable
Rendering

Image Loss
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Modeling More Complex Scenes
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So far I have mainly been focusing on neural modeling and rendering for either static scenes or humans. 
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Modeling More Complex Scenes

Human-scene Interaction

. ‘ Physics and environment
constraints
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In the future, I’d like to explore modeling and rendering for scenes with interactions between humans and objects. This will require research on human and object interaction tracking, segmentation, physics-based simulation etc.  It also requires datasets of human and object interaction for training deep learning models. 


Generalizability
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I also plan to study generalization across person identities. 

We see that Neural Actor can synthesize high-quality free-viewpoint rendering of a human character under pose control. But it is unable to generalize to new human characters. How to extend existing neural human representations to generalizable models is another important and challenging problem.
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Neural Representations for Simulation
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I would also like to combine some physics models with neural scene representation and rendering models for more applications, such as high-quality rendering of smoke and controlled virtual characters. 
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Large-scale 3D Data Generation

The size of 2D datasets can Existing 3D data is far from sufficient
be as large as millions
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Another future direction is to synthesize large-scale 3D data for training. 

Currently, the shortage of 3D datasets is the bottleneck for the development of 3D learning

I think one promising way to efficiently acquire more realistic 3D data is by learning 3D generative models from 2D image datasets.
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Large-scale 3D Data Generation

The size of 2D datasets can Learn 3D generative models from 2D image datasets
be as large as millions
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Another future direction is to synthesize large-scale 3D data for training. 

Currently, the shortage of 3D datasets is the bottleneck for the development of 3D learning

I think one promising way to efficiently acquire more realistic 3D data is by learning 3D generative models from 2D image datasets.
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Large-scale 3D Data Generation

Learn 3D generative models from 2D image datasets

The ImageNet dataset
contains millions of images
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This 1s the first time that a generative model can synthesize high-resolution images
from novel views while preserving high 3D consistency
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Our work StyleNeRF has demonstrated that we can train a 3D generative model on object-centric 2D image datasets and use it to generate videos of new scenes.

However, the current model cannot be trained on more challenging datasets, for example, ImageNet dataset, containing diverse scenes.

In the future, I would like to explore how to train a 3D generative models on the ImageNet dataset. 
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Multi-modal Learning

Neural scene representations

Large-scale multimodal
learning models
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Applications

= Extending neural scene representation and rendering techniques
to other domains outside of computer graphics, such as robotics.

6DOF estimation, 3D/4D scene reconstruction and segmentation, motion prediction
for robot grasping, robot navigation and planning, human-robot interaction.
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I would also like to extend these neural scene representation and rendering techniques to other domains, such as robotics. 

These neural scene representations and rendering methods can be used for 6DOF estimation, dynamic scene reconstruction and segmentation, and the prediction of human and object motions. All these will facilitate critical tasks, such as robot grasping, robot navigation and planning, human-robot interaction. 
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Thank you!
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