Joint Learning of
Point Clouds and
Motion Vectors

Presenter. Cheng-Tse Lee, National Tsing Hua University
Advisor: Cheng-Hsin Hsu, National Tsing Hua University, Taiwan



Outline

* Introduction

* Challenge and Solution

* Solution

* Algorithm: Gaussian as a Proxy (GaaP)
* Algorithm: Direct Point Cloud (DPC)

* EXperiments

» Conclusion



Volumetric Videos Capture 3D Worlds

Users get to navigate in 6 Degrees-of-Freedom (6DoF)


簡報者
簡報註解
Let’s begin with a simple question — what is volumetric video?
It is a technique to capture 3D scenes and allow users to explore them in 6 Degrees-of-Freedom.  
Compared to 2D video, volumetric video provides more immersive experience.



2 Introduction

Representations of Volumetric Video

Traditional Representations Neural Network Representations

NeRF [2]

Point Cloud
less €—mmm—— 3 More

Constructing / Rendering Overhead

[1] Yang et al., "Deformable 3d gaussians for high-fidelity monocular dynamic scene reconstruction," Proc. of the IEEE/CVF conference on computer vision and pattern recognition, 2024 4
[2] Mildenhall et al., "Nerf: Representing scenes as neural radiance fields for view synthesis," Communications of the ACM, 2021


簡報者
簡報註解
There are four common types of representations. They can be grouped into traditional and neural network–based methods.
Neural network-based methods learn and render scenes using networks, offering better realism but requiring more computation.

Among these, point cloud is a lightweight solution. 
A point cloud consists of unstructured points with position and color.
They can be captured by LiDAR or RGB-D cameras efficiently, 
and simple to store and transmit.

This makes point clouds ideal for real-time streaming scenarios, like in AR and VR.


Introduction

Dynamic Point Cloud

Group of Frame

Unstructured

Lightweight

Time



簡報者
簡報註解
Now let’s look at dynamic point clouds.

As we know each point cloud frame consist a set of 3D points with position and color.
(Click)
When we combine these frames over time, we can represent the motion of a 3D object.

However, dynamic point clouds are typically unstructured. Each frame is captured independently — there's no direct connection between frames.  
This provides lightweight data but introduces limitations.
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Limitations of Unstructured Dynamic Point Cloud

» Unstructured nature — No mapping of points across frames
» Difficult to optimize some applications without point matching
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2. Temporal Super-resolution

3. Interframe Coding


簡報者
簡報註解
Since unstructured dynamic point clouds lack consistent topology or correspondence across frames. This makes tracking motion of the points over time difficult.

Such limitations affect several applications:
**Compression** – where interframe coding would help reduce bitrate
**Temporal super-resolution** – where we want to increase the frame rate.
**Error concealment** – where we try to recover missing or error data during transmission
We only show three applications here, however there are more instead


The Key Idea of Our Work

Q: How to construct a structured dynamic point cloud
from unstructured dynamic point cloud
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簡報者
簡報註解
To support more advanced applications, we tackle this key challenge:  
"How can we construct structured dynamic point clouds from unstructured ones?"

As shown in the figure, this might look simple — but real-world capture conditions make it hard.
(Click)
For example, each frame may contain a different number of points. 
So, how do we build structure when points do not even exist in following frames?


The Key ldea of Our Work

Q: How to construct a structured dynamic point cloud
from unstructured dynamic point cloud

- Different point cloud can have similar rendered visual appearance


簡報者
簡報註解
Here is our insight: 
even if the points in two point clouds have different positions or colors, they might still have look similar rendered visual appearance.
(Click)
So, instead of matching points exactly, we can focus on matching rendered appearance.


The Key Idea of Our Work

Q: How to construct a structured dynamic point cloud

from unstructured dynamic point cloud

Key frame Constructed frame

Unstructured Sequence Structured Sequence

Learn and reconstruct the point cloud to obtain more accurate motion vectors
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簡報者
簡報註解
Based on this idea, we proposed to learn and construct the point cloud frame based on the key frame 
(Click)
So we can get more accurate motion vector and also preserve the same visual appearance.


Problem Formulation

Camera parameter

N [
{(X*|n=2,3,...,N} = argmin ZZQ(H(%{EG},H X,,0))

{iﬂﬂz?,.’i,...,h’} n=2 0cE

Input Learned
non-key frame non-key frame

Given a GoF with N point cloud frames:
* R(X’0): rendered view of point cloud Xunder camera 6
* Q(~+): quality degradation between two rendered view

Goal: learn non-key frames whose rendered views are close to the
Input frames.
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簡報者
簡報註解
In this slide, I define the main optimization problem.
We divide a dynamic point cloud sequence into a Group of Frames, or GoF. The first frame is the key frame, and the remaining frames are non-key frames.
For each input non-key frame  𝑋 𝑛 , our goal is to learn a new non-key frame   𝑋  𝑛 . The learned frame does not need to be exactly the same as the input point cloud in 3D space. Instead, it should look similar after rendering.
Here, 𝑅 𝑋 𝜃 means the rendered view of point cloud 𝑋under camera parameter 𝜃. The function 𝑄 ⋅ ⋅ measures the quality degradation between two rendered views.
Therefore, this objective minimizes the difference between the rendered view of the input non-key frame  𝑋 𝑛 and the rendered view of the learned non-key frame   𝑋  𝑛 , over all non-key frames and all camera parameters.
After we obtain the learned non-key frames, the motion vectors can be directly derived from the key frame to each learned frame.
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3D Gaussian Splatting (3DGS) Training 1]

* Neural-based and point-based representation
« Simple generation pipeline

Optimization
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[1] Kerbl et al., “3D Gaussian Splatting for Real-time Radiance Field Rendering,” ACM Transactions on Graphics, 2023 1 3


簡報者
簡報註解
To implement our solution, we draw inspiration from the 3DGS generation pipeline. Before diving into our method, I’d like to briefly introduce 3DGS.

3DGS is neural-based and point-based representation, which has ability to learn 3D structure from 2D images. And also it have a simple generation pipeline. In this training pipeline , we are able to optimize the position, color, and other attributes of each gaussian point to construct a 3DGS scene with the similar rendered visual appearance as the real scene.

By tracking and limiting the attributes, we are also able to extend it to dynamic 3DGS. However, directly using 3DGS for volumetric video application may face the high overhead of constructing and rendering. 

But, this feature provide a good solution to solve the motion prediction problem in dynamic point clouds. In our solution, we use it to guide the motion of points, and later convert the learned 3DGS back into point clouds, along with the motion vectors we need.



Pipeline of Our GaaP Algorithm
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簡報者
簡報註解
Next, I will share our full method. We jointly construct the point cloud and learn the motion vectors from the existed unstructured point cloud sequence.

We first separate dynamic point cloud frames into key frame and non-key frame, which may be reconstruct during the pipeline.
We first train the non-key frame into 3DGS by optimizing the key frame.
(Click)
Then we convert the 3DGS back to point cloud and extract the motion vectors.
(Click)
Then, the point cloud will only left position and color. However, there are more parameters, such as point size may affect the visual quality.
So in this step we select the parameter to maximize the visual quality.
(Click)
After several round of process, we are able construct the non-key frame with motion vectors and preserve point cloud quality.


Our Proposed GaaP Algorithm
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簡報者
簡報註解
Next, I will introduce three main components in our pipeline


* Dynamic 3DGS Trainer

Dynamic 3DGS Trainer

Spherical Elliptical
Gaussians Gaussians

Dynamic
3IDGS >
Trainer

Scale of Gaussians significant affect constructing results
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簡報者
簡報註解
First, we train the non-key frame by optimizing the key frame point cloud.

However, the 3DGS may contains much more attributes. 

To simplize it, we limit all of the additional attributes to ensure the similarity to point cloud.

Among all the attributes, we found out that the scale of Gaussian point may significantly affect the resulting frame.



GaaP
* Dynamic Point Cloud Converter

Dynamic Point Cloud Converter

Gaussians Point clouds
Dynamic
Point R
Cloud
Converter
Optimal Large
point size point size

Size of point cloud significant affect the visual quality
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簡報者
簡報註解
Next, we convert the Gaussians into point clouds, 
so we can learn and apply motion directly on points.

An important factor affect the visual quality here is the point size
this controls how large each point appears in the final rendering.

As you can see in the figure, if the point size is too large, we may add unusual weight to the avatar, and we don't want to look like this.


» Optimal Parameter Selector

Optimal Parameter Selector

Optimal @
71| Quality Parameter _
Image |||| Evaluator Selecting Optimal
Renderer |= Algorithm Parameter

Parameters to select: scale of Gaussian and size of point cloud
Steps:
1. Fixed the size and use binary search to find the optimal scale
2. Linear search to get the optimal size
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簡報者
簡報註解
In the previous discussion, we mention two important parameters that may affect the quality of results.
The scale of Gaussian points and the size of point cloud.
To find out the optimal parameters, our algorithm focus on two steps.
We first fix the point cloud size and find the optimal scale of Gaussian using binary search.
Next, based on the optimal scale, we search for the optimal point size by linear search.
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. DPC
The Importance of Differentiable Renderer

* We need a differentiable renderer that allow for gradient
backpropagation

Open3D: Hard blending, non-differentiable [1] Pulsar: Soft blending, differentiable [2]

[1] Zhou et al. "Open3D: A modern library for 3D data processing." arXiv preprint arXiv:1801.09847 (2018). 20

[2] Lassner et al. "Pulsar: Efficient sphere-based neural rendering." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2021.


簡報者
簡報註解
Hard blending means that a point either contributes to a pixel or it does not.�So the rendered image changes in a discrete way when a point moves slightly.
For example, in Open3D, each point is rendered with a hard footprint.�If the point moves inside the same pixel region, the rendered result may not change.�But once it crosses a boundary, the pixel value can suddenly change.
This is a problem for learning, because gradient backpropagation needs smooth changes.�If the rendering result is discrete, the gradient is either zero or unstable, so the point position cannot be optimized well.
In contrast, Pulsar uses soft blending.�A point can partially contribute to nearby pixels, and this contribution changes smoothly with its position.�Therefore, the renderer can provide useful gradients for updating point positions and colors.



Two Point Cloud Differentiable Renderer

PyTorch3D [1]
 Soft point splatting with alpha compositing

+ Easy to implement
— Lower visual quality and slower learning

Pulsar
« Sphere-based ray rendering with soft compositing

+ Higher visual quality and faster learning
— Sensitive to depth sharpness parameter y

Ravi et al. "Accelerating 3d deep learning with pytorch3d." arXiv preprint arXiv:.2007.08507 (2020).
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Our Proposed DPC Algorithm
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簡報者
簡報註解
This slide shows our Direct Point Cloud algorithm, or DPC.
Different from GaaP, DPC does not use 3D Gaussians as an intermediate proxy. Instead, it directly optimizes the point positions and colors of the learned non-key frame.
First, we keep the key frame fixed. The key-frame points are used as the initial points of the learned non-key frame. For each input non-key frame, we render its 2D views using the image renderer. These rendered views serve as the supervision.
Then, the dynamic point cloud algorithm sends the current learned point cloud to a differentiable point cloud renderer. The renderer produces rendered views from the learned frame. We compare these rendered views with the target 2D views from the input non-key frame.
The difference between the two rendered views is used as the loss. Because the point cloud renderer is differentiable, the gradient can be backpropagated to the point positions and colors. Therefore, DPC can directly update the points and make the learned frame closer to the input frame in rendered views.
After optimization, the learned non-key frame has the same point order as the key frame. Therefore, we can directly derive the point-wise motion vectors from the key frame to the learned frame.



* Dynamic Point Cloud Algorithm
Dynamic Point Cloud Algorithm

V Gradient

41 Non key frames’ Motion vectors
of each point

Dynamic
Point
Cloud

Parameters
1. Rendering point size - controls point influence on image plane
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簡報者
簡報註解
This slide zooms into the dynamic point cloud algorithm inside DPC.
The inputs include the key frame, the rendered 2D views of the non-key frames, and the rendering parameters. The key frame provides the initial point positions and colors. The rendered 2D views provide the target appearance that we want to match.
During training, the algorithm updates the point positions and colors of the learned non-key frame. The differentiable renderer gives gradients from the rendered image loss, so these gradients can be backpropagated to each point.
The important parameter here is the rendering point size. It controls how much influence each point has on the image plane. If the point size is too small, the rendered image may contain holes. If it is too large, nearby points may be over-smoothed.
After optimization, each learned non-key frame keeps the same point order as the key frame. Therefore, we can directly compute the motion vector of each point from the key frame to the learned non-key frame.



* Dynamic Point Cloud Algorithm

» Differentiable Renderer

Differentiable Renderer

Differentiable Renderer

_ Loss Backprop- v
Point Eunction agation Gradient
Cloud

Renderer
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簡報者
簡報註解
This slide shows the differentiable renderer used in DPC.
The renderer takes two inputs. The first input is the current learned point cloud. The second input is the target 2D views rendered from the input non-key frame.
First, the point cloud renderer renders the current learned point cloud into 2D images. Then, the loss function compares these rendered images with the target 2D views. This gives us the image-domain loss.
The key point is that this renderer is differentiable. Therefore, after computing the loss, we can backpropagate the gradient through the renderer.
This gradient tells us how to update the point positions and colors in the learned point cloud. In this way, DPC directly optimizes the point cloud so that its rendered views become closer to the input non-key frame.
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Experiment Setup

MAD WOK | RNB LOO LON

« Datasets [1][2]:

* Metrics: Synthesis 1) Real world 2]

 Visual quality: foreground PSNR and SSIM
» 3D quality: PSNR-D1 and YPSNR

* Motion Vector quality: Temporal/Spatial Smoothness

[1] Sun et al. "A dynamic 3d point cloud dataset for immersive applications." Proceedings of the 14th Conference on ACM Multimedia Systems. 2023.
[2] Eon et al., “8i Voxelized Full Bodies, version 2 - A Voxelized Point Cloud Dataset,” 2017

SOL
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簡報者
簡報註解
We evaluate our methods on six dynamic point cloud sequences.
The first two sequences, Man Dance and Woman Kick, are synthetic sequences. They have a constant number of points and provide ground-truth motion information, so they are useful for evaluating motion-vector quality.
The other four sequences come from real-world human captures. They are voxelized point clouds, and their point numbers vary across frames. They also contain real sensing noise and texture changes, so they are more challenging.
For evaluation, we use four groups of metrics. First, we use foreground PSNR and SSIM to measure rendered-view quality. Second, we use PSNR-D1 and Y-PSNR as complementary 3D-domain metrics. Third, we use spatial and temporal smoothness to evaluate motion-vector quality. Finally, for downstream applications, we use PSNR and SSIM for error concealment, warping error for temporal super-resolution, and entropy plus bzip2 size for source coding.


Experiment Setup cont.

« Each sequence has 72 sampled frames

* Downstream applications:

* Error Concealment: drop 1, 2, or 4 frames, then evaluate
visual quality

 Temporal Super-Resolution: insert 1, 2, or 4 frames, then
evaluate warping error

« Source Coding: encode motion data and report bitstream
size

28


簡報者
簡報註解
This slide summarizes the experimental settings for the main evaluation and the downstream applications.
For each sequence, we sample 72 frames. This gives us a longer and more stable evaluation range than only using a few short examples.
For downstream applications, we evaluate three tasks. First, for error concealment, we simulate frame losses by dropping 1, 2, or 4 consecutive frames. Then, we reconstruct the missing frames and evaluate the visual quality.
Second, for temporal super-resolution, we insert 1, 2, or 4 intermediate frames between adjacent frames. We use warping error to evaluate temporal smoothness and motion consistency.
Third, for source coding, we encode the learned motion data instead of directly encoding all non-key input frames. We then report the compressed bitstream size to evaluate coding efficiency.



Impact of Optimal Parameter Selection in GaaP

Scale of Gaussians significant
affect constructing results

+8.7 dB in PSNR
+0.2 in SSIM

With

Default Parameters

(PSNR=19.5 dB) Optimal Selection Alg.

(PSNR=28.2 dB) 29



Comparison between Different Algorithms
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Impact of Group of Frame (GoF) Size
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Impact of Number of Cameras and Point Size

Camera Point Size
30 1 30 1 30 1
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Number of Cameras H Point Size S Point Size S
Default Setting:

« 100 Cameras + Point size set to 2 for real world, 4 for synthesis
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Visual Quality of Our Algorithms
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AQR: Adaptive Query Radius [1], the state-of-the-art heuristic algorithm
[1] Huang, I-Chun, et al. "Composing Error Concealment Pipelines for Dynamic 3D Point Cloud Streaming." ACM Transactions on Multimedia Computing, Communications 33

and Applications 21.6 (2025): 1-28.



3D Quality of Our Algorithms
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Motion Vector Quality of Our Algorithms
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Application: Error Concealment

‘ Interpolation
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簡報者
簡報註解
To evaluate our method, we apply it in one of the challenging application, which is error concealment.
During streaming, some frame may miss or error because of network issues. The goal of error concealment is to conceal those errors. 
(Click)
In our experiment, we conceal the error by interpolating from the previous and following frames.
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簡報者
簡報註解
In the real streaming scenarios, when the network condition get worst, it may also cause more drop frames.
In our results, our method can even get larger improvement when the dropping frame increase
Besides, our method can reduce the 99% of running time compare with neural network based method.


Application: Temporal Super-resolution
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簡報者
簡報註解
To evaluate our method, we apply it in one of the challenging application, which is error concealment.
During streaming, some frame may miss or error because of network issues. The goal of error concealment is to conceal those errors. 
(Click)
In our experiment, we conceal the error by interpolating from the previous and following frames.


Results of Temporal Super-resolution
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Source Coding
Key frame
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Our Motion Vectors are more Compressible
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We compute the entropy and use bzip for lossless compression
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Conclusion

Conclusion

 We study a new paradigm that jointly learns non-key point cloud
frames and point-wise motion vectors from dynamic point clouds

« We propose two algorithms: GaaP and DPC, both outperform the
state-of-the-art heuristic algorithm

* Qur learned motion vectors support error concealment, temporal
super-resolution, and source coding
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簡報者
簡報註解
In summary, we propose a pipeline to structure dynamic point cloud by learning the point clouds and motion vectors. 
In this pipeline, we design an algorithm to optimize the rendered quality of constructed frames.
We shows the possibility to extend our motion vector for more downstream applications.


Future Work

Raise your hand

Motion-Vector Motion-Vector Motion-Guided
Codec | Prediction . Content Editing
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Thank you for listening


簡報者
簡報註解
In the future, we plan to extend our work, by testing more categories of dataset, implementing different dynamic 3DGS trainer, and modify the point cloud rasterization, to improve the point cloud learning process. 
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