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Abstract

Dynamic point clouds represent real-world dynamic scenes as sets of 3D points and
have been widely used in volumetric video systems, immersive communication, and free-
viewpoint viewing. However, consecutive frames in dynamic point clouds usually contain
different numbers of points and lack explicit point-to-point relationships, making cross-
frame processing tasks such as error concealment, temporal super-resolution, and source
coding difficult. This thesis studies how to jointly learn point clouds and motion vectors
from dynamic point cloud sequences. We treat the first frame in a group of frames as
the key frame and generate the following non-key frames by moving the points in the
key frame. In this way, this thesis can obtain both learned non-key frames and explicit
point-to-point relationships between the key frame and the non-key frames. This the-
sis proposes two joint learning methods to address this problem. The first method uses
dynamic 3D Gaussian splatting as a proxy representation and derives the learned point
clouds and motion vectors from the optimized position changes. The second method uses
a differentiable point cloud renderer to directly optimize point positions, allowing the
points in the key frame to move toward the target non-key frames. This thesis further
applies the learned motion vectors to error concealment, temporal super-resolution, and
source coding. Experimental results show that the proposed methods produce smoother
motion vectors and improve the visual quality of learned point clouds. Compared with
baseline methods, our methods improve the peak signal-to-noise ratio by up to 17.74 dB
and the structural similarity index by up to 0.66. Overall, this thesis shows that jointly
learning point clouds and motion vectors can build explicit cross-frame relationships for

dynamic point clouds and support downstream applications.

Keywords: Dynamic Point Cloud, Error Concealment, Super-resolution, Source Coding

il



Acknowledgements

I am deeply thankful to my advisor, Professor Cheng-Hsin Hsu, for his guidance
and support during my master’s study. His advice helped me clarify the direction of this
research and improve the quality of this thesis. I also thank Yuan-Chun Sun for the many
discussions on 3D Gaussian Splatting and point cloud processing. His help was important
to the completion of my conference paper. I would like to thank the members of our lab
for their help and encouragement over the past two years. Their companionship made my

graduate life more meaningful.

il



Contents

%

Abstract

Acknowledgements

Contents

List of Figures

List of Tables

1 Introduction
1.1 Usage Scenarios . . . . . . . . . . o i i i e
1.2 Contributions . . . . . . . . . .. e
1.3 Limitations . . . . . . . . . . e e e e e e
1.4 Organization . . . . . . . . . . .. i e

2 Background
2.1 Volumetric Video . . . . . . . ... . ...
2.2 Processing of Volumetric Video . . . . . ... ... ... ... ......
2.3 Volumetric VideoCoding . . . . . . . . .. ... ... .

ii

iii

vi

ix



2.4 Motion Vectors in Volumetric Video . . . . . . . . . . .. .. ... ... 12

2.5 Dynamic Point Cloud Matching and Downstream Applications . . . . . . 12
2.6 Quality Assessment for Dynamic PointClouds . . . . . . ... .. .. .. 14
Related Work 15
3.1 ErrorConcealment . . . . ... ... ... .. ... ... ... ... 15
3.2 Temporal Super-resolution . . . . . . ... .. ... .. 16
33 SourceCoding . . . . . . . .. 17
Joint Learning of Point Clouds and Motion Vectors 19
4.1 Problem Formulation . . . ... ... ... ... .. ... ...... 20
4.2 Solution Approaches . . . . . . ... ... 22
Gaussian-as-a-Proxy Learning 24
5.1 Design . . ..o 25
5.2 Challenges . . . . . . . . e 26
5.3 Solutions. . . . . .. e 26
5.4 Optimal Parameter Selector . . . . . . . .. ... .. ... ........ 27
Direct Point Cloud Learning 29
6.1 Design . . . . . . 30
6.2 DPCpp with PyTorch3D Renderer . . . . . . ... ... ... ...... 31
6.3 DPCpy with Pulsar Renderer . . . . . . . . . ... ... ... ...... 32
Downstream Applications 35
7.1 Error Concealment . . . .. ... .. ... ... ... ... .. .. ... 35

7.1.1 Challenge . . . . . . . . . . e 35

7.1.2  Solution Approach . . . . . .. .. ... ... . .. ... 36
7.2 Temporal Super-resolution . . . . . . . .. ... ... 36

7.2.1 Challenge . . . . .. ... ... 36

7.2.2 Solution Approach . . . . ... ... ... ... L. 37
73 SourceCoding . . . . . . . . . e e 37

7.3.1 Challenge . . . . . .. ... .. 37



8

7.3.2 Solution Approach . . . . . ... ... ... L.

Experiments

8.1 Implementations . . . . . . . . . . . . .. e

82 Setup. . . . .

83 Results. . . . . . . e

Conclusion

9.1 ConcludingRemarks . . ... ... ... ... ... .. ... .....

9.2 Future Directions . . . . . . . . . . ...

References

Appendices

A

Other Research Contributions

A.1 DASH Streaming for Dynamic 3DGS Scenes
A.2 6-DoF Navigation Dataset for 3DGS Scenes
A.3 Drone Trajectory Planning for 3DGS Capture

Additional Rendered View Results

vi

39
39
40
42

55
55
57

63

71
71
71
72

73



List of Figures

1.1
1.2

2.1
2.2

23

4.1

5.1

6.1
6.2

6.3

8.1

8.2

[lustration of unstructured and structured dynamic point cloud sequences.
Overview of the proposed paradigm for joint learning of point clouds and

MOLION VECTOTS. . . . v v o v e e e e e e e e e

Volumetric Video Capture Studio [20]. . . . . . .. .. ... .. .. ...
Comparison of original and reconstructed point clouds under different
coding methods [21]. . . . . . . . . . ...
Example of image quality assessment [4]. The mask is used to evaluate
the foreground region and avoid the background dominating the metric

values. . ...
Sample Group of Frames (GoFs). . . . . . ... ... ... .. ......
Our proposed joint learning algorithm using 3DGS as a proxy. . . . . . .

Our proposed joint learning algorithm directly on dynamic point clouds. .
2D rendered views using different renderers: (a) 3DGS, (b) Open3D, (c)
PyTorch3D, and (d) Pulsar. . . . . ... ... ... .. ... ......
Rendered views obtained using different y settings in the Pulsar renderer:
(a) default small value, (b) maximum value,(c) proposed two-phase strat-

egy, and (d) reference frame. . . . . . . . ... ... ..o

Comparison of GaaP, DPCpp, and DPCp;; across evaluated sequences in:
(a) PSNR, (b) SSIM, (c) learning time, and (d) render time. . . . . . . . .
Sample visual quality of learned frames from longdress: (a) PSNR, (b)
SSIM, (c) rendered 2D view from AQR, and (d) rendered 2D view from

vii

30



8.3

8.4

8.5

8.6

8.7

8.8

8.9

8.10

B.1
B.2
B.3

Quality of learned frames from different joint learning algorithms in in-
dividual sequences: (a) rendered-view PSNR, (b) rendered-view SSIM,

(c) 3D geometry quality measured by D1-PSNR, and (d) 3D color quality
measured by Y-PSNR. . . . . . . .. ..o 45
Motion vector quality of learned frames from two representative synthetic
sequences: (a) spatial smoothness of man dance, (b) temporal smoothness

of man dance, (c) spatial smoothness of woman kick, and (d) temporal
smoothness of woman kick. . . . . . . ... ... oL oo, 46
Visual quality of learned frames under different numbers of rendering
cameras: (a) PSNR of man dance, (b) SSIM of man dance, (c) PSNR

of longdress, and (d) SSIM of longdress. . . . . . ... .. ... ..... 48
Visual quality of learned frames under different rendering point sizes: (a)
PSNR of man dance, (b) SSIM of man dance, (c) PSNR of longdress, and

(d) SSIM of longdress. . . . . . . . ... 49
GoF-size analysis over the first 18 frames: visual quality of learned frames

under GoF=3, GoF=6, and GoF=9 for (a) PSNR of GaaP, (b) SSIM of
GaaP, (c) PSNR of DPC, and (d) SSIMof DPC. . . . .. ... ...... 50
Visual quality of concealed frames from individual sequences under dif-
ferent numbers of consecutive frame drops: (a)—(c) PSNR and (d)—(f) SSIM. 50
Warping errors after temporal super-resolution: (a) per-frame results from

the first GoF of man dance with four interpolated frames between adjacent

input frames, and overall results with (b) one, (c) two, and (d) four inter-
polated frames. . . . . . . . . .. .. 52
Source coding evaluation using learned motion vectors: shifted L2-distance
distributions from (a) man dance and (b) longdress, per-frame (c) entropy,

(d) bzip2-compressed bitstream size, (e) rendered-view PSNR, and (f)

rendered-view SSIM. . . . . . . . ... ... o 53
Sample rendered frames from man dance: (a) GT and (b) Ours. . . . . . . 73
Sample rendered frames from woman kick: (a) GT and (b) Ours. . . . . . 74

Sample rendered frames from redandblack: (a) GT and (b) Ours. . . . . . 74

viii



B.4 Sample rendered frames from loot: (a) GT and (b) Ours.

B.5 Sample rendered frames from longdress: (a) GT and (b) Ours. . . . . . .

B.6 Sample rendered frames from soldier: (a) GT and (b) Ours

X



List of Tables

4.1

5.1

6.1

7.1

8.1

Summary of Common Notations Used in This Thesis . . . . . .. .. .. 19
Summary of Notations for Gaussian as a Proxy (GaaP) . . ... ... .. 24
Summary of Notations for Direct Point Cloud (DPC) . . . . .. ... .. 29
Summary of Additional Notations for Downstream Applications . . . . . 35
Considered dynamic point cloud sequences. . . . . .. .. .. ... ... 40



Chapter 1 Introduction

Volumetric video has become an important representation for immersive applica-
tions, including augmented reality, virtual reality, remote collaboration, cultural heritage
preservation, and autonomous driving [1]. Different from traditional 2D videos, volu-
metric videos support six Degrees-of-Freedom (6-DoF) viewing experiences, allowing
users to observe a scene from arbitrary positions and orientations. With this property,
users are not restricted to a fixed camera viewpoint, making volumetric video suitable for
next-generation immersive systems. Dynamic 3D point clouds are widely used among
different volumetric representations because they can represent complex 3D shapes with
attributes such as positions, colors, and normals. A dynamic point cloud sequence is com-
posed of multiple point cloud frames, and each frame is an unstructured set of points in
3D space. This representation is simple, flexible, and compatible with many existing 3D
processing tools. To support its use in immersive applications, the Moving Picture Ex-
perts Group (MPEG) has developed point cloud compression standards, including G-PCC
and V-PCC [2], [3], for processing, compression, streaming, and visualization of 3D point

clouds across software platforms and hardware devices.

However, this simple and flexible representation also brings a major challenge. Each
point cloud frame is an unordered list of points, so adjacent frames do not naturally pro-
vide explicit point-wise relationships. This is different from 2D videos, where pixels
are placed on a regular grid and neighboring pixels have clearly defined spatial relation-
ships. In point clouds, points are distributed irregularly in 3D space, and the number of
points may change across frames because of occlusion, sensing noise, object motion, or
changes in the captured surface. For example, the Longdress sequence in the well-known
8i dataset [4] contains frames with different numbers of points, ranging from 733,580 to
916,250. The lack of explicit point-wise relationships makes temporal processing dif-
ficult. Fig. 1.1 illustrates this issue. In a general unstructured dynamic point cloud se-

quence, points in adjacent frames do not have explicit point-wise relationships, so motion
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Fig. 1.1: Illustration of unstructured and structured dynamic
point cloud sequences.

vectors cannot be directly found. In contrast, a structured sequence preserves point-wise
relationships across frames, making motion vectors available. With reliable point-wise
motion vectors, many dynamic point cloud applications become easier to realize. For
example, missing frames can be reconstructed for error concealment, additional frames
can be generated for temporal super-resolution, and temporal redundancy can be used for

source coding.

Several prior studies have tried to estimate motion information between point cloud
frames. Some of them use heuristic point-matching strategies to pair similar points across
frames and approximate motion vectors [5], [6]. These methods are simple and practical,
but they can become unstable under non-rigid motion, large displacement, occlusion, or
large changes in point density. Other studies use neural networks to find point relation-
ships directly in the 3D structure domain [7], [8], [9], [10], [11], [12], [13], [14]. These
methods can model more complex spatial and temporal patterns, but many of them as-
sume that adjacent frames contain the same number of points. This assumption is often
invalid for real dynamic point cloud sequences. When the point numbers are different

across frames, existing methods usually need voxel downsampling, k-nearest neighbors,



or subframe partitioning to make the input size consistent. These operations may remove
useful geometric details or disturb the original temporal structure. As a result, estimating
motion vectors directly from two independently captured and unstructured point clouds

remains difficult.

I “| Key and Learned Frames
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Fig. 1.2: Overview of the proposed paradigm for joint learn-
ing of point clouds and motion vectors.

To address this problem, this thesis studies a different paradigm. Fig. 1.2 gives an
overview of the proposed joint learning paradigm. Instead of directly matching two in-
dependent point cloud frames, we learn non-key point cloud frames and their motion
vectors together from a key frame. Given a group of consecutive dynamic point cloud
frames, we use the first frame as the key frame and treat the remaining frames as non-key
input frames. For each non-key input frame, we generate a learned frame whose rendered
2D views are close to those of the corresponding input frame. Because each learned
frame is generated from the key frame, the point-wise motion vectors between the key
frame and the learned non-key frame are explicitly defined. The main observation is that
multiple point clouds can be rendered into comparable 2D views. Therefore, a non-key
input point cloud does not need to be reproduced point by point, as long as the learned
point cloud preserves the rendered visual appearance from representative camera views.
This allows us to replace the original non-key point clouds with learned frames that are

visually similar and structurally easier to process.

To solve the joint learning problem, this thesis develops several algorithms that
learn non-key point cloud frames and point-wise motion vectors with different quality—

complexity trade-offs. The first algorithm, Gaussian-as-a-Proxy (GaaP), uses 3D Gaus-

3



sian Splatting (3DGS) [15] as an intermediate representation. By leveraging dynamic
3DGS algorithms, such as Dynamic 3D Gaussians [16], GaaP derives dynamic 3D Gaus-
sian sequences where different frames share consistent Gaussian identities. The learned
Gaussians are then converted into point clouds, allowing the corresponding point-wise
motion vectors to be obtained. Besides GaaP, this thesis also investigates Direct Point
Cloud (DPC) algorithms, which learn point clouds directly without using Gaussians as
intermediate proxies. These algorithms optimize point positions and colors through dif-

ferentiable rendering with PyTorch3D [17] and Pulsar [18] renderers.

1.1 Usage Scenarios

After the joint learning process, each learned non-key frame is generated by moving
the points from the key frame. Therefore, the learned frames share the same number of
points and the same point order with the key frame. This gives explicit point-wise relation-
ships between the key frame and every learned non-key frame. With these relationships,
we can directly move, interpolate, or encode points across time without performing point

matching again.

One usage scenario is volumetric video streaming. When a dynamic point cloud
sequence is transmitted over a network, some frames may arrive late or be unavailable
at the receiver. In this case, the receiver still needs to display a complete sequence to
the user. With the learned motion vectors, the missing frame can be reconstructed from
neighboring learned frames because the point-wise relationships are already defined. This

type of frame recovery is known as error concealment.

Another usage scenario is frame-rate enhancement for volumetric video. A captured
or transmitted dynamic point cloud sequence may have a limited frame rate, which can
make the motion less smooth during playback. Since the learned motion vectors describe
how points move across frames, they can be used to generate intermediate frames between
existing frames. This allows the system to increase the frame rate of a volumetric video
sequence without directly matching two independently captured point cloud frames. This

task is known as temporal super-resolution.



The learned motion vectors can also be used for source coding. Instead of treating
all non-key point cloud frames as independent data, the encoder can represent them using
the key frame and the learned motion vectors. Since the motion vectors usually contain
smaller changes than the original point cloud values, they can reduce the amount of infor-
mation required for compression. This makes the learned representation useful for storing

or transmitting dynamic point cloud sequences more compactly.

1.2 Contributions

Part of this thesis is based on our earlier conference paper on joint learning of point
clouds and motion vectors for volumetric video [19]. That paper introduced the initial
Gaussian-as-a-Proxy learning method and evaluated its use in error concealment. This
thesis extends the earlier work by reformulating the problem in a more complete thesis-
level framework, introducing Direct Point Cloud learning, evaluating learned motion-
vector quality, and studying additional downstream applications, including temporal super-

resolution and source coding.
The main contributions of this thesis are summarized as follows:

* We study the joint learning problem of non-key point cloud frames and explicit
point-wise motion vectors. Instead of directly matching independently captured un-
structured point cloud frames, the proposed paradigm learns non-key frames from

a key frame while preserving their rendered visual quality.

* We propose several joint learning algorithms with different design trade-offs. The
Gaussian-as-a-Proxy algorithm uses dynamic 3D Gaussian Splatting as an inter-
mediate representation, while the Direct Point Cloud algorithms learn point clouds

directly using differentiable renderers.

* We evaluate the learned point clouds and motion vectors using rendered-view qual-
ity metrics and motion-vector quality metrics, including PSNR, SSIM, spatial smooth-

ness, and temporal smoothness.

* We apply the learned explicit motion vectors to several downstream applications,

5



including error concealment, temporal super-resolution, and source coding. These
applications show how the learned point-wise relationships can support frame re-
covery, frame interpolation, and compact representation of dynamic point cloud

sequences.

1.3 Limitations

Although this thesis shows the potential of jointly learning point clouds and motion
vectors, several limitations remain. First, the proposed framework learns point clouds
mainly through rendered 2D views. Therefore, the learned frames are optimized to pre-
serve visual appearance from representative camera views, rather than to exactly repro-
duce the original point-wise geometry of the input frames. This design is suitable for
rendering-oriented applications, but may not fit applications that require exact geometric
reconstruction. Second, the quality of the learned frames depends on the selected camera
parameters and rendering settings. If the training views do not sufficiently cover the scene,
some regions may receive weaker supervision. In addition, renderer-specific parameters,
such as the rendering point size, can also affect the final visual quality. Third, the pro-
posed joint learning algorithms require additional learning time. This cost is acceptable
for offline processing and experimental analysis, but further optimization is needed for
low-latency or real-time deployment. More experiments on longer sequences and more

diverse datasets are also needed to further validate the generality of the framework.

1.4 Organization

The remainder of this thesis is organized as follows. Chapter 2 introduces the back-
ground knowledge, including volumetric video, volumetric video coding, motion vectors,
dynamic point cloud matching, downstream applications, and quality assessment. Chap-
ter 3 reviews related work on error concealment, temporal super-resolution, and source
coding. Chapter 4 formulates the joint learning problem of point clouds and motion vec-
tors, and gives an overview of the proposed solution approaches. Chapter 5 presents the

Gaussian-as-a-Proxy learning method, which uses dynamic 3DGS as a proxy. Chapter 6



presents the direct point cloud learning method, which directly optimizes point positions
and colors with differentiable point cloud renderers. Chapter 7 describes how the learned
motion vectors are used in downstream applications. Chapter 8 presents the implementa-
tion, experimental setup, and results. Finally, Chapter 9 concludes the thesis and discusses

future directions.



Chapter 2 Background

This chapter introduces the background knowledge required for understanding the
proposed framework. We first review volumetric video and dynamic point clouds, which
are the main data format considered in this thesis. We then introduce learning-based
processing of volumetric video, volumetric video coding, motion vectors in different vol-
umetric representations, dynamic point cloud matching, downstream applications, and
quality assessment metrics. These topics are closely related to the proposed joint learning
problem because our method aims to learn dynamic point clouds and their motion infor-
mation at the same time. Therefore, this chapter provides the necessary context before

presenting the proposed framework in later chapters.

2.1 Volumetric Video

Fig. 2.1: Volumetric Video Capture Studio [20].
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Volumetric video represents a 3D scene over time. Different from traditional 2D
video, which records a scene from a fixed camera viewpoint, volumetric video allows
users to observe the captured scene from different positions and viewing directions. This
enables six Degrees-of-Freedom (6-DoF) viewing, where users can move their heads or
change their viewpoints freely during playback. Because of this property, volumetric
video is widely used in immersive applications, such as augmented reality, virtual reality,
remote collaboration, cultural heritage preservation, and autonomous driving. In these ap-
plications, the user is not limited to a single pre-recorded viewpoint. Instead, the system
needs to provide a consistent 3D representation that can be rendered from many possi-
ble viewpoints. Fig. 2.1 shows an example of a volumetric video capture studio, where
multiple cameras and lighting devices are arranged around the capture space to record
the scene from different directions. A volumetric video sequence needs to describe both
the shape and appearance of a dynamic 3D scene. Several representations can be used for
this purpose, including meshes, voxels, neural radiance fields, 3D Gaussian Splatting, and
point clouds. These representations have different strengths in rendering quality, storage
cost, editing flexibility, and processing complexity. For example, meshes provide explicit
surfaces and are useful when connectivity is available, while voxels represent space in a
regular grid but may require a large amount of memory at high resolution. Neural radi-
ance fields and 3D Gaussian Splatting can produce high-quality rendered views, but they
usually require a learning or optimization process. Point clouds are simple and flexible
because they directly store 3D points and their attributes, but they are also unstructured
and do not provide explicit connectivity between points. Therefore, the choice of rep-
resentation has a direct impact on how the volumetric video is captured, compressed,

transmitted, rendered, and processed.

2.2 Processing of Volumetric Video

Volumetric video stores a dynamic 3D scene over time. Unlike 2D video, each frame
contains 3D geometry and color information. Common formats include point clouds,
meshes, voxels, neural radiance fields, and 3D Gaussian Splatting. In this thesis, we

mainly consider dynamic point clouds, where each frame is represented by 3D points
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with color attributes. Many processing tasks can be applied to volumetric video, such
as denoising, registration, resampling, rendering, and compression. For dynamic point
clouds, temporal processing is especially important because neighboring frames are often
similar. Instead of coding every frame separately, a key frame can be used to predict the
following non-key frames. This prediction usually relies on motion vectors, which de-
scribe how points move across frames. Motion vectors are useful, but they also introduce
extra data. When each point has its own motion vector, the motion data can become large.
Directly storing these vectors may waste bits because nearby points often have related
motion. Therefore, motion-vector processing is an important step in dynamic point cloud
compression. A good coding scheme should organize these vectors before compression,
rather than treating them as unrelated values. Rendering-based methods provide another
way to process volumetric video. These methods render a 3D representation into 2D
views and compare the rendered images with target images. With differentiable render-
ing, the image loss can be used to update the 3D representation. Neural radiance fields
and 3D Gaussian Splatting are common examples. Dynamic 3D Gaussian Splatting fur-
ther models scene changes over time. These methods are effective for view rendering, but
they are different from the explicit motion-vector coding problem studied in this thesis.
This thesis focuses on dynamic point clouds and the motion vectors used to reconstruct
non-key frames. It does not replace point clouds with an implicit or Gaussian-based rep-
resentation. Instead, it studies how to group, order, and encode motion vectors so that the
non-key frames can be reconstructed with lower bitrate while keeping the visual quality

of the volumetric video.

2.3 Volumetric Video Coding

Volumetric video usually requires a large amount of data because each frame needs
to describe the geometry and appearance of a 3D scene. Compared with traditional 2D
video, the data size is often much larger, since the representation may include 3D po-
sitions, colors, normals, opacities, or other attributes depending on the adopted format.

In addition, a dynamic sequence contains many frames, so the total amount of data in-
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Fig. 2.2: Comparison of original and reconstructed point
clouds under different coding methods [21].

creases quickly as the sequence length grows. Therefore, efficient coding is important
for storing and transmitting volumetric video. A volumetric video codec needs to reduce
the data size while preserving the quality of the reconstructed 3D content and its ren-
dered views. Fig. 2.2 shows examples of original and reconstructed point clouds under
different coding methods. The visual differences between the original and reconstructed
results illustrate that point cloud coding may introduce geometry and appearance distor-
tions, especially when the bitrate is limited. For example, in point-cloud-based volumetric
video, MPEG has developed standard codecs such as Geometry-based Point Cloud Com-
pression (G-PCC) and Video-based Point Cloud Compression (V-PCC) [2], [3]. G-PCC
directly compresses point cloud geometry and attributes in the 3D domain, while V-PCC
projects point clouds into 2D patches and reuses existing video coding tools. These two
approaches reflect different ways of exploiting the structure of point cloud data. G-PCC
keeps the coding process closer to the original 3D representation, whereas V-PCC bene-
fits from mature 2D video coding techniques after projection. Similar to traditional video
coding, dynamic point cloud coding can also exploit temporal redundancy across frames.
If the motion between frames can be described effectively, non-key frames may be repre-

sented using changes from reference frames instead of being coded independently. This
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makes motion information an important part of volumetric video coding, especially for

dynamic sequences.

2.4 Motion Vectors in Volumetric Video

Motion vectors describe how visual elements or 3D positions move over time. In
traditional 2D video coding, motion vectors are usually defined at the block level. A
block in the current frame is predicted from a similar block in a reference frame, and the
displacement between these two blocks is used as the motion vector. This idea reduces
temporal redundancy, but it relies on the regular 2D grid structure of video frames. Since
each pixel has a fixed location in the image grid, block matching and motion compensa-
tion can be performed in a relatively structured manner. For volumetric representations,
motion vectors can be defined in different ways depending on the underlying data struc-
ture. In dynamic meshes, motion can be described by the movement of vertices when the
mesh connectivity is known. In voxel-based representations, motion may be estimated
for occupied cells or local regions in the 3D grid. In point-cloud-based coding, motion
is often estimated at the cuboid, patch, or region level, where a group of points shares
one motion vector. These group-level descriptions reduce complexity, but they may not
capture detailed non-rigid motion when different points in the same region move differ-
ently. In addition to these group-level descriptions, motion can also be represented at the
point level. A point-wise motion vector is defined for an individual point and describes its
position and color changes over time. This representation is more flexible, but it is also
more difficult to estimate because dynamic point clouds are usually unordered and do not

provide explicit point correspondences across frames.

2.5 Dynamic Point Cloud Matching and Downstream Ap-
plications

Dynamic point cloud matching refers to the process of relating point cloud frames
over time. Depending on the application, the relation can be built at different levels, such

as points, local neighborhoods, cuboids, patches, or regions. The matched results are
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often used to describe how positions and colors change across frames, or to estimate mo-
tion parameters for later processing. Unlike 2D video, point clouds do not have a regular
grid structure, and the number of points may also change from frame to frame. Therefore,
matching dynamic point clouds is more difficult than applying standard motion estimation
in 2D video. A reliable matching result should keep the geometry and appearance aligned
across time. Several applications use the motion information obtained from dynamic point
cloud sequences. Error concealment reconstructs missing or late frames from available
neighboring frames during streaming. Temporal super-resolution generates intermediate
frames between existing frames to increase the frame rate. Source coding reduces the
amount of data needed to store or transmit a sequence by using temporal similarity across
frames. These applications use motion information in different ways, but they all require
a description of how the dynamic point cloud changes over time. If the estimated motion
is inaccurate, the reconstructed frames may contain ghosting artifacts, incorrect geometry,
or unstable colors. Therefore, motion estimation is important not only for reconstruction
quality, but also for compression and streaming. In this thesis, the matched motion infor-
mation is treated as the input to the compression pipeline. The following sections focus
on how these motion vectors are processed, organized, and encoded for dynamic point

cloud compression.

(a) Reference image (b) Distorted image (c) Mask image

Fig. 2.3: Example of image quality assessment [4]. The mask
is used to evaluate the foreground region and avoid the back-
ground dominating the metric values.
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2.6 Quality Assessment for Dynamic Point Clouds

Quality assessment for dynamic point clouds can be performed from different view-
points. Rendered-view quality metrics evaluate the 2D images rendered from point cloud
frames. Peak Signal-to-Noise Ratio (PSNR) [22] measures the pixel-wise difference be-
tween a reference image and a distorted image. It is usually computed from the Mean
Squared Error (MSE), where a lower MSE leads to a higher PSNR value. Structural Sim-
ilarity Index Measure (SSIM) [23] evaluates image quality from another perspective by
comparing structural similarity, luminance, and contrast. Therefore, PSNR and SSIM are

often used together because they describe different aspects of image distortion.

Fig. 2.3 shows an example of image quality assessment using MSE, PSNR, and
SSIM. When the whole image is evaluated, the distorted image has MSE = 858, PSNR =
18.79 dB, and SSIM = 0.90 compared with the reference image. However, this full-image
result can be misleading for rendered point cloud images. Since the foreground object
only occupies part of the image, a large amount of background pixels may have little
or no difference between the reference and distorted images. These background pixels
reduce the overall MSE and increase the SSIM value, even when the foreground object
contains visible distortion. Therefore, masked quality assessment is also important. By
applying the foreground mask in Fig. 2.3(c), the metric calculation focuses on the object
region instead of the whole image. In this example, the masked results are MSE = 8267,
PSNR = 8.96 dB, and SSIM = 0.18. Compared with the full-image SSIM of 0.90, the
masked SSIM shows that the visible foreground quality is actually poor. This example
illustrates that full-image metrics may overestimate visual quality when the background
dominates the rendered image. In volumetric video, users mainly observe the rendered
foreground content from selected camera viewpoints. Therefore, rendered-view metrics
should be interpreted carefully, and masked metrics are useful for evaluating the final

viewing experience when the foreground object is the main target.
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Chapter 3 Related Work

The joint learning problem addressed in this thesis has not been explicitly formu-
lated in prior work. This chapter reviews existing studies related to three most popular
downstream applications of dynamic point clouds: error concealment, temporal super-
resolution, and source coding. These prior studies can be classified into two groups: (1)

without and (ii) with motion vectors.

3.1 Error Concealment

Prior studies on error concealment for dynamic point cloud streaming can be divided

into two groups, depending on whether motion vectors are used.

Without motion vectors. Wu et al. [24] studied how packet loss affects dynamic point
cloud streaming when the V-PCC codec [3] is used. They also examined concealment
strategies for different point cloud attributes under heterogeneous and dynamic network

conditions. Their method did not consider motion vectors between consecutive frames.

With motion vectors. Hung et al. [5] designed three heuristic point matching methods for
error concealment. The first method matches points according to position and color sim-
ilarity, the second method uses triangular matching between a point and its neighboring
points, and the third method performs cuboid matching with fixed-size spatial partitions.
Souto et al. [25] followed a similar cuboid-based idea and matched cuboids in consecutive
frames by reducing their position and color differences. Huang et al. [6] later proposed
an end-to-end error concealment framework that combines motion estimation with post-
processing to recover missing frames. Their framework achieved better visual quality
than frame-copy and neural interpolation baselines. These works [5], [6], [25] show the
usefulness of motion vectors for error concealment. However, their motion vectors are
obtained through heuristic matching and are often defined at the cuboid level. In contrast,
our algorithms learn explicit point-wise motion vectors, where each vector consists of

position and color changes with respect to the key frame.
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3.2 Temporal Super-resolution

Without motion vectors. Rempe et al. [26] enabled temporal super-resolution by map-
ping dynamic point clouds into a canonical spatiotemporal space and modeling contin-
uous shape evolution with a latent ordinary differential equation and a continuous nor-
malizing flow. Akhtar et al. [27] first represented point cloud frames in a multi-scale
feature space, and then used spatial and temporal feature correlations for temporal super-
resolution. For LiDAR point clouds, He et al. [28] combined dynamic point extraction,
tracking, and shape fusion with an error-state iterative Kalman filter. Sang et al. [29] used
an implicit neural representation to learn a continuous velocity field for super-resolution
of non-rigid and unstructured 3D point clouds. These studies [26], [27], [28], [29] per-

formed temporal super-resolution without using motion vectors across frames.

With motion vectors. Some prior studies estimated motion vectors between frames for
interpolation or extrapolation in temporal super-resolution. Viola et al. [7] designed a
two-stage neural network with a point matching module and a refinement module, and
minimized the L, distance between the learned and ground-truth point positions. Lu et
al. [13] proposed a motion-based neural network that uses recurrent and attention mod-
ules to integrate motion features between consecutive frames. Lu et al. [8] further used
k-nearest neighbor clusters to adaptively sample points for temporal matching. Zeng et
al. [9] used deep learning to match 1024 points with an Earth Mover’s Distance loss [30].
Zheng et al. [10] and Jiang et al. [11] both constructed 4D neural fields and trained them
with Chamfer distance, Earth Mover’s Distance, and smoothness loss in a self-supervised
manner to map points across frames. Shi et al. [31] applied temporal estimation, spatial
interpolation, and temporal interpolation to dynamic point clouds captured by LiDAR. Li
et al. [32] decomposed the transformation into subproblems for accurate point matching
across frames. Zhang et al. [14] proposed a hybrid convolution—transformer framework
that jointly estimates motion and structure features with bidirectional attention for ex-
plicit scene flow. These works [7], [8], [9], [10], [11], [13], [14], [31], [32] assume a
fixed number of points per frame. Therefore, each point cloud frame usually needs to be

spatially downsampled or divided into multiple subframes before processing, which may
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be difficult to realize and may lead to inferior quality. In contrast, our proposed paradigm
supports sequences with varying point numbers and estimates explicit point-wise motion

vectors.

3.3 Source Coding

Without motion vectors. A number of source coding studies have focused on static point
clouds [33], [34], [35], [36]. Garcia et al. [36] designed an octree-based codec and used
a context-adaptive arithmetic coder to perform intra-coding for point positions. Rudolph
et al. [33] proposed a learning-based codec that encodes position and color attributes to-
gether with optimized rate control. Huang et al. [34] used generative priors to compress
a single colored point cloud into sparse representations. Hu et al. [35] introduced an end-
to-end scalable compression framework, where the decoded bitstreams are converted into
renderable 3D primitives to balance bitrate and rendering quality. Inter-frame coding for
dynamic point clouds has also been explored [3], [37], [38], [39]. V-PCC [3] projects
point clouds into 2D patches so that existing 2D video codecs can be used for compres-
sion. Zeng et al. [37] followed a similar direction by converting dynamic point cloud
sequences into regular 2D frames and compressing them with Versatile Video Coding
(VVC) [40]. These projection-based methods [3], [37] may be affected by occlusion or
topology changes over time. Zhou et al. [38] proposed a learning-based dynamic point
cloud codec that models inter-frame redundancy in the latent space with spatio-temporal
transformers. Akhtar et al. [39] represented point cloud frames with multi-scale features
and reduced redundancy through feature-space matching. Different from these codecs [3],
[36], [37], [38], [39], our proposed paradigm learns explicit point-wise motion vectors,

which can help these codecs further use inter-frame redundancy.

With motion vectors. Dynamic point cloud source coding methods that explicitly use
motion vectors can be grouped into structure-guided, cuboid-based, and feature-based
codecs. For structure-guided codecs, Chao et al. [41] studied skeleton-based methods that
segment or rig human point clouds and use affine or non-rigid transformations for motion
compensation. Souto et al. [42] proposed a codec that treats small changes as having no

inter-frame motion and applies motion compensation when motion needs to be handled.
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Nguyen et al. [43] further introduced a learned lossy codec that uses a spatiotemporal

latent context model for motion compensation.

Cuboid-based codecs form another group of methods. Mekuria et al. [44] developed
a codec for tele-immersive videos, where octree-based intra coding and JPEG-based color
compression are used, and Iterative Closest Point (ICP) is applied to estimate cuboid-wise
rigid transforms for motion compensation. G-PCC [2] is an MPEG standard that includes
cuboid-based motion compensation for dynamic point clouds. Santos et al. [45] designed
an algorithm to choose between intra and inter modes, reducing bitrate without clear
quality loss compared with G-PCC. An et al. [46] improved the inter-mode of G-PCC by
using Hamming distance for cuboid matching, which improves compression efficiency
and encoding speed. Hong et al. [47] proposed a cuboid-based inter-coding method with
integer-precision motion compensation and adaptive graph filtering. Shao et al. [48] es-
timated patch-wise non-rigid deformations through registration and local refinement, and
used affine motions of deformable patches to improve motion compensation and coding
efficiency [49]. Mu et al. [50] proposed an adaptive decision method in G-PCC to adjust

cuboid size, reducing inter-frame coding overhead and running time.

Feature-based codecs estimate motion in a different space. Fan et al. [51] learned
feature-space motions between adjacent frames, and Xia et al. [52] extended this idea
with hierarchical motions and kNN-attention cuboid matching for better coding efficiency.
Jiang et al. [53] also compressed dynamic point clouds in the feature space by using inter-
frame motions between latent representations. Fan et al. [54] later proposed a multi-scale
inter-frame framework that compensates motions at both coarse and fine levels, while
reducing redundancy in all attributes. These source coding codecs [2], [41], [42], [43],
[44], [45], [46], [47], [48], [49], [50], [51], [52], [53], [54] can be applied after our joint
learning algorithms to further compress the learned point-wise motion vectors of non-key

frames.
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Chapter 4 Joint Learning of Point Clouds and

Motion Vectors

Table 4.1: Summary of Common Notations Used in This

Thesis
Symbol Definition
N Number of frames in a Group of Frames (GoF).
Xn =ATn1s- s To, Input point cloud frame at frame 7, containing M,

Prnms Cnym
Xn = {xn,la s 7xn,M1}

Vn = {Un,h cee 7Un,]W1}

% * *
X,V

O, 0

points; x,, ,, denotes the m-th point.

Position (p,, py, p-) and color (¢, ¢4, ¢,) of point
-

Learned point cloud frame at frame n; the key
frame is kept unchanged, i.e., X; = X;.

Set of motion vectors from the key frame X; to

the learned non-key frame X,,, where v, ,,, de-
notes the motion vector of point Z,, ,.

Optimal learned non-key point cloud frame and
its corresponding set of motion vectors.

Set of camera parameters, with § € © denoting
one camera parameter.

Rendered 2D view of point cloud X,, under cam-
era parameter 6.

Pixel index in a rendered 2D view.

Quality degradation function combining pixel-
wise and perceptual losses.

This chapter first defines the notations used in the joint learning problem and then
gives an overview of the proposed joint learning algorithms. Table 4.1 summarizes the

common notations used to formulate the joint learning problem.
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Fig. 4.1: Sample Group of Frames (GoFs).

4.1 Problem Formulation

We consider a dynamic point cloud sequence that is split into multiple Groups of
Frames (GoFs). Each GoF is a fixed-length window consisting of consecutive point cloud
frames. As shown in Fig. 4.1, a GoF includes one key frame and several non-key frames.
More specifically, each GoF contains point cloud frames {X;, Xo, ..., Xy}, where X;
is the key frame and {Xs, ..., Xy} are the non-key frames. Let M,, denote the number
of points in frame X,,. The m-th point in frame n, denoted by z,, ,, € X,,, has a position

vector o = (D% s PY ms P2 ) @nd a color vector ¢, = (i cd  cb . Therefore,

n,m’ “nm’ “n,m

each point is represented by six dimensions in total.

Given input frames {X;, X, ..., Xy}, we denote the non-key, learned frames as
{X2, X, ..., XN} and set X; = X for the key frame. All learned frames in {Xl, X, ... ,XN}
contain the same number of points as X;, which is M;. For the m-th point in frame Xn,
where m € {1,2,..., M}, its learned position vector is written as P = (Py; .5 P4 > Do)
ro 9 @ Y. Since X, is obtained

n,m’ “nm’ “n,m

and its learned color vector is written as ¢, ,,, = (¢
by shifting points in both positions and colors, the motion vector of the m-th point in non-
key frame n, where n € {2,3,..., N} and m € {1,2,..., M;}, is defined with respect

to the key frame Xl = X as:

Unm = (ﬁn,m — P1,m, én,m - Cl,m)' (41)
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The motion vectors of frame n are collected as:

Vn = {/Un,la Un2y--- ,/Uli}. (42)

The joint learning problem also takes a set of camera parameters © as input. For each
camera parameter § € ©, the same renderer R(-) is used to render a 2D view R(X,,0)
from the non-key input frame X,, and another 2D view R(X,,,#) from the corresponding
learned frame X,,. The goal is to reduce the overall difference between R(X,,,0) and
R(X,,,0) forevery n € {2,3,..., N} and every § € ©. We use Q(R(X,,0), R(X,, 0))
to denote the quality degradation between two rendered views. It is defined as the weighted

sum of the pixel-wise L1 loss £;(+) and the structural dissimilarity D-SSIM(-) [15]:

Q(R(X,,,0), R(X,,,0)) = (1-N) L1 (R(X,,0), R(X,,0))+AD-SSIM(R(X.,,, 0), R(X,..,0)),
(4.3)
where ) is a hyperparameter and is set to 0.2 unless otherwise specified. The two compo-

nents are defined as:

1

L1(R(X,,0),R(X,,0)) = ——— R(X,,0):, R(X,, 0)il; 4.4
D-SSIM(R(X,,,6), R(X,,,6)) = 1 — SSIM(R(X,,,6), R(X..,0)), (4.5)

where R(X,,, #); and R(Xn, 0); are the i-th rendered pixel values, and SSIM(-) is the 2D
quality metric defined by Wang et al. [23].

Using the above notations, the joint learning problem is written as:

N
{X;[n=23,...,N} = argmin > > Q(R(X,,0),RX,,0), (46

{X7l|n:273 7777 N} n=2 0cO

where X;; denotes the optimal non-key, learned frame n. Once X;‘L is obtained, the cor-
responding optimal motion vector can be directly derived and is written as V. This

completes the formulation of the joint learning problem.
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4.2 Solution Approaches

Optimizing Eq. (4.6) requires each non-key, learned frame X,, to update its 3D point
positions p,, ,, and colors ¢, ,,. The purpose is to make the rendered views R(f{n, 0)
close to the rendered views of the corresponding non-key input frames R(X,,, ) for all
n€42,3,...,N}and 6 € ©. To achieve this goal, the renderer must provide useful sen-
sitivity information, meaning that small changes in 3D point parameters should produce
meaningful changes in the rendered 2D views. With such information, the discrepancy in
Eq. (4.6) can be reduced through optimization. However, as discussed by Wang et al. [55],
many rendering functions are discontinuous because of occlusion changes and visibility
boundaries. As a result, their gradients with respect to 3D positions may be undefined or

unstable, and thus not every renderer is suitable for solving Eq. (4.6).

To address this issue, we develop three joint learning algorithms based on different
differentiable renderers. These algorithms learn non-key, learned frames and point-wise
motion vectors using multiple rendered 2D views from non-key input point cloud frames.
According to how differentiable rendering is used, the three algorithms are divided into
two groups: (i) using existing dynamic 3DGS algorithms as proxies, and (ii) directly
learning non-key point cloud frames and motion vectors. Before introducing the algo-

rithms, we first define the notations for dynamic 3DGS sequences.

Compared with points, Gaussians have three additional attributes besides position
and color: (i) opacity, which controls their contributions to rendered 2D views, (ii) scale,
which specifies their influence ranges, and (iii) orientation, which determines the direction
of their long axes. Thus, for each input point cloud frame X,,, for n € {1,2,... N},
we generalize it into a corresponding input Gaussian frame G/, which consists of M,

Gaussians, written as:

Gn == {gn,lu . 7gn,Mn}7 (47)

where each Gaussian g, ,, contains position p,, ,, and color ¢, ,,, together with opacity
On.m- scale a,, ,,, and orientation g, ,,,. The values of these extra attributes are determined
systematically. Since point cloud colors are view-independent, the colors of the proxy

Gaussians are also set to be view-independent.
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We modify the dynamic 3DGS algorithm to generate non-key, learned Gaussian
frames G,, for n € {2,3,..., N} using the rendered 2D views from the input point
cloud frames. Let Gj; denote the optimal non-key, learned frame n. We convert Gj; into
XZ by copying the position and color vectors, py, ,, and ¢, ,,, forallm € {1,2,..., M,},
and then discarding opacity o, ,,, scale a,, ,,, and orientation g, ,,. The details of these

operations are introduced in the next section.

Based on this design, this thesis develops two types of algorithms for different needs.
The first type is a fast Gaussian-based method that uses dynamic 3DGS [16] as a proxy.
The second type directly optimizes point clouds and can provide better visual quality with

longer learning time. These two methods are described in Chapters 5 and 6, respectively.
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Chapter 5 Gaussian-as-a-Proxy Learning

Table 5.1: Summary of Notations for Gaussian as a Proxy

(GaaP)
Symbol Definition
G, ={09n1,- - 9o, } Set of Gaussians at frame n.
Gn,m A Gaussian splat with position p,, ,,,, color ¢, .
opacity oy, ,, scale a,, ,,,, and orientation gy, ,,.
G, Learned Gaussian set for frame n.
Ag, Qo, Og Fixed values of scale, orientation, and opacity dur-
ing learning.
l,s Log-scale parameter for training and point size for
rendering.
) s* Optimized log-scale and point size.
Ly, Sy Initial log-scale and point size.
AL, AS Step sizes for log-scale and point size.
3 3 ¢ 8
2 Dynamic Dynamic
T Key I;?mthOUd Frame | » ? ? 3DGS ? ? ? Pomt Cloud
on-ke; . . F
??Pomt Cloud Frame E} 2D Dg']l;igglc Frames , PDy?%r:nlcd v rames >
C Image Views oint Clou P
ﬁ parzﬁgigrs _ | Renderer 7| Algorithm 4—-\ e Converter «\ Optlmal
> w 72X w v Parameter
Initial Selector
Parameters Optimal Parameters [
Fig. 5.1: Our proposed joint learning algorithm using 3DGS
as a proxy.

This chapter presents the proposed Gaussian-as-a-Proxy (GaaP) learning method for
learning non-key point cloud frames. We first describe the design of GaaP and explain
how dynamic 3DGS [16] is used as a proxy for point cloud learning. We then discuss the
challenges of converting learned Gaussian frames back to point cloud frames. Finally, we
introduce the parameter selection process used to choose the Gaussian scale and rendering

point size. Table 5.1 summarizes the additional notations used in the GaaP method.

24



5.1 Design

Learning non-key point cloud frames for the objective function in Eq. (4.6) is diffi-
cult. We therefore first use recent dynamic 3DGS algorithms to build our joint learning

algorithm, called GaaP.

Kerbl et al. [15] proposed 3DGS to construct a single 3DGS frame from three inputs:
(i) input 2D views, (ii) the corresponding camera parameters, and (iii) an initial point
cloud, which can be random or generated from SfM, Structure from Motion. The vanilla
3DGS algorithm computes gradients and iteratively updates all attributes to reduce the
error between the input ground-truth views and the rendered 2D views. In this process,
gradients of position attributes can be interpreted as moving points in 3D space, while
gradients of color, opacity, scale, and orientation attributes can be interpreted as updating

their values.

Applying vanilla 3DGS separately to individual frames often causes temporal flicker-
ing artifacts [56]. Dynamic 3DGS algorithms, such as D3DGS [16], address this issue by
splitting each sequence into recurring GoFs and producing each non-key Gaussian frame
by deforming the Gaussians of the corresponding key frame. This design reduces the
randomness caused by independent per-frame optimization and keeps the resulting 3DGS
frames with the same number of Gaussians. Based on this property, we adopt dynamic

3DGS algorithms in GaaP.

Fig. 5.1 illustrates the GaaP algorithm, which contains four components: (i) an im-
age renderer, (i1) a dynamic 3DGS algorithm, (ii1) a dynamic point cloud converter, and
(iv) an optimal parameter selector. During the process, the key point cloud frame X,
remains fixed. For each non-key frame X,,, the image renderer R(-) renders multi-view
2D observations R(X,,, #) with representative camera parameters 6 € ©. These rendered
views are then used as supervision for the dynamic 3DGS algorithm. We also initialize a
key 3DGS frame G from the key point cloud X;. Since opacity, scale, and orientation
do not exist in point clouds, these Gaussian attributes are initialized with fixed values O,
Ag, and Qp. In addition, 3DGS uses Spherical Harmonics (SH) coefficients to represent

view-dependent colors, while point clouds use view-independent colors. We therefore set
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the SH degree to 0 for view-independent colors.

Only the non-key Gaussian frames G, forn € {2,3,..., N} are optimized after-
ward. With the differentiable Gaussian renderer, the selected dynamic 3DGS algorithm
iteratively updates the Gaussian attributes of all non-key frames Gy forn € {2,3,...,N}
to optimize Eq. (4.6). The output is a dynamic 3DGS sequence that matches the input
point cloud frames in rendered views and preserves one-to-one Gaussian relationships

with the key frame Gl = Gj.

5.2 Challenges

Two main challenges need to be addressed when a non-key, learned Gaussian frame

Gj; is converted into a point cloud frame X,

1. Gaussians contain attributes that points do not have, including opacity, scale, and
orientation. If these attributes are directly removed, the rendered quality may be

affected.

2. The default scale A used during learning and the rendering point size s used during
rendering both strongly affect visual quality. Their best values are not obvious

beforehand, so they need to be selected carefully.

5.3 Solutions

We handle the two challenges with the following designs:

1. We first set default values for the extra Gaussian attributes. For opacity Oy, we use
its maximum value because point clouds are usually rendered without transparency.
For scale Ay, we assign a small value to all Gaussians so that they behave more like
points. The exact value of Ay is determined empirically later. For orientation (),
we choose the setting that makes Gaussians spherical instead of elliptical, which
better matches the shape of points. Unlike Oy and )y, the best value of A is

not clear in advance, so it is selected through experiments. We also keep these
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extra attributes fixed during the derivation process. In other words, we remove
the loss terms related to these attributes, allowing the joint learning algorithm to
focus on the spatial and temporal structures of each dynamic scene while reducing

computational complexity.

2. To search over a wider range of A, we follow the original 3DGS paper [15] and use
the scale parameter [ = In(Ay) as the control variable. The remaining task is to find
the optimal [* and s* that produce the best visual quality in the rendered 2D views of
learned point cloud frames. Since the Gaussians are trained with the representative
camera parameters ©, we use another validation set of camera parameters, denoted

by ©’, to select the optimal parameters.

5.4 Optimal Parameter Selector

Our pilot tests showed that the scale parameter [ affects the visual quality of rendered
2D views more strongly than the rendering point size s. Therefore, the proposed algorithm
first finds the optimal scale [* and then adjusts the point size s*. This algorithm uses four
parameters: (i) initial rendering point size .Sy, (ii) initial scale Ly, (iii) rendering point size

step AS, and (iv) scale step AL. The procedure is described below:

1. Initialization. We start from s = Sy and run the dynamic 3DGS algorithm with
three candidate scale values, [ € {Lo— AL, Lo, Lo+ AL}. The rendered views are

then evaluated using the validation camera parameters ©’.

2. Exploration. When [ = L, does not achieve better visual quality than both [ =
Lo £ AL, we choose the better one from [ = Ly — AL and [ = Ly + AL and
denote it by I’. A new scale is then tested at I’ + AL if ' = Lo+ AL, orat!’ — AL
if ' = Lo — AL. This step continues toward the more promising direction until a
local best scale L is found, where L, performs better than both L, = AL. We then

let L,, be the better one from L, + AL. At this point, [* lies in the interval [L;, L,].

3. Binary refinement. We then search for [* within [y, L,] using binary refinement.

At iteration k = 1,2,..., K, the step size is set to AL/2*"!. After K iterations,

27



the final value of [* is obtained.

4. Progressive rendering point size tuning. After the Gaussians are derived with [*,
we tune the rendering point size by increasing it from Sy to S+ AS, So+2AS, . . ..
At each step, rendered views are generated and evaluated. The search stops when
the visual quality no longer improves, and the corresponding point size is selected

*

as s-.

Unless otherwise specified, we set K = 3, Ly = —10, AL =1, and Sy = AS = 1 in our
experiments. Although the optimal parameter selector needs to be executed for each new
dynamic point cloud sequence, it usually finishes with only a few dynamic 3DGS runs for
finding [* in steps 1-3 and a small number of 2D view renderings for selecting s* in step

4. Therefore, the additional overhead remains manageable.
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Chapter 6 Direct Point Cloud Learning

Table 6.1: Summary of Notations for Direct Point Cloud
(DPC)

Symbol Definition
B Volume of the point cloud bounding box.
F; Set of points that contribute to pixel <.
Oy, Continuous opacity of point y, ,,.
Zn.m Normalized depth of point z,, ,,, along a ray.
dpm Normalized orthogonal ray-to-center distance of point z,, ,,.
Wh,m Blending weight of point z,, ,,.
v Depth sharpness parameter of X,,, where v € [1075, 1].
€ Background constant in the Pulsar renderer.
Key Point
t Cloud Frame o : & @
% % Non-kley f Dynamic ? ? ?
?’ Pollsrrlgtgle(;u‘i D Point Points > Differen- rrr
' »  Image Views .| Cloud 5 - tiable —
Camera Renderer | Algorithm| « = = Renderer LN
Parameters * " . y:”/ R
Initial ——pf
Parameters A
Gradient

This chapter presents the direct point cloud learning method. Unlike GaaP, this

Fig. 6.1: Our proposed joint learning algorithm directly on
dynamic point clouds.
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time. Table 6.1 summarizes the additional notations used in the DPC method.

method does not convert point clouds into Gaussians. It directly updates point positions
and colors through differentiable point cloud renderers. We first describe the main learn-
ing pipeline, and then introduce two versions based on PyTorch3D [17] and Pulsar [18].

These two versions show how different renderers affect the visual quality and learning
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(a) 3DGS (b) Open3D (¢) PyTorch3D (d) Pulsar

Fig. 6.2: 2D rendered views using different renderers: (a)
3DGS, (b) Open3D, (c) PyTorch3D, and (d) Pulsar.

6.1 Design

Fig. 6.1 presents the design of our joint learning algorithms that do not use Gaussians
as intermediate proxies. Given a key frame X, each non-key point cloud frame X,,,
where n € {2,3,..., N}, is rendered into a 2D view R(X,,60) with § € ©. We set
Xl = X, and then iteratively learn each non-key frame Xn forn € {2,3,..., N}. Ineach
iteration, the rendered view of the learned frame, R(X,,, ), is compared with R(X,,, )
to compute the loss. The gradients are then backpropagated to update the current point
positions p,, ,, and colors ¢, ,, Vm € {1,2,..., M;}. After optimization, we obtain the
optimal non-key, learned frame X;, whose rendered views are visually close to those of

the non-key input frame X,,.

This joint learning process requires a renderer that can project point clouds into 2D
images and support gradient backpropagation. Many point cloud renderers are available,
including Open3D [57], MeshLab [58], CloudCompare [59], Blender [60], PCL Visual-
izer [61], PyTorch3D [17], and Pulsar [18]. However, most of them are designed mainly
for visualization and are not differentiable. Fig. 6.2 shows example 2D views rendered by
different renderers. The 3DGS renderer [15], shown in Fig. 6.2(a), produces smooth and
continuous images, which supports stable gradients with respect to positions and colors.
By contrast, the Open3D renderer [57], shown in Fig. 6.2(b), produces hard and discrete
point footprints. The abrupt value changes make gradient propagation unavailable, show-
ing that Open3D is not differentiable in this setting. Among the renderers listed above, we

use two differentiable renderers for DPC: (i) PyTorch3D [17] and (ii) Pulsar [18]. Both
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renderers provide Python front-end Application Programming Interfaces (APIs) and use

C++/CUDA back-end kernels for efficient differentiable rendering.

Specifically, DPCp; adopts the PyTorch3D renderer, whose soft alpha-compositing
method provides high-quality gradients, as shown in Fig. 6.2(c). On the other hand,
DPCpys uses the Pulsar renderer, whose differentiable ray-based formulation gives smooth
and stable gradients for both positions and colors, as shown in Fig. 6.2(d). The two DPC

algorithms are described in the following sections.

6.2 DPCpy with PyTorch3D Renderer

PyTorch3D [17] supports differentiable rendering for both 3D meshes and point
clouds. In DPCpr, we use its point cloud renderer to project points onto a 2D image
plane with splatting and alpha compositing. For any point Z,,,, in a non-key, learned
frame X,,, where m € {1,2,..., M}, PyTorch3D maps Z,,,, to the image plane with a
circular footprint whose color is ¢, ,,. It also computes a continuous opacity «, ,, € [0, 1]
according to the distance between the point and the camera [62]. This continuous opacity

replaces a binary opacity, so the opacity changes smoothly when depth changes.

PyTorch3D then uses alpha composition to combine the color contributions from all
points in a sorted list F' for each pixel 7 € R(f{n, ). The list F is sorted in ascending

order of the distance to the camera. The alpha-composited pixel color is written as:

R(X,,0)i = ) <an7m I] a- aw)) Cm- (6.1)

meF VieEF<m

where F_,, represents all points that are closer to the camera than m. This formulation
is continuous and differentiable with respect to both p,, ,,, and ¢, ,,, so gradient-based

optimization can be applied.

Dynamic point cloud sequences may have different scales, so using a single render-
ing point size s for all sequences is not suitable. We address this issue by normalizing all
point cloud sequences to a unified scale. For point z,, ,,, from input point cloud frames, let
B denote the volume of the point cloud sequence’s bounding box. Both the point position
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vector p,, ,, and the rendering point size s are normalized by the cubic root of this volume:

_ Pam

pn,m - /81/3 ) (62)

and s =

S
B3

so that the scale is consistent across all three axes.

6.3 DPCpy with Pulsar Renderer

Pulsar [18] is a differentiable renderer based on spheres. It renders a scene by tracing
camera rays and checking how the rays interact with point positions. Here, a sphere can be
viewed as an enriched point with two extra attributes: size and opacity. For a point Z, ,,,,
where m € {1,2,...,M;} andn € {2,3,..., N}, we denote its sphere size by s,, ,,, and
its sphere opacity by o,, ,,. To make the rendering process differentiable, Pulsar replaces
hard boolean visibility with a soft-compositing rule weighted by depth along each ray.
Let F denote all points that intersect a given ray. The blending weight w,, ,,, of a sphere

Zp,m on that ray is defined as:

R CZ on,mZn,m
Onm Gpm€ 7

on,m2n,m ’

€7 + 2 mer Onm dnme

where Z,, ,,, is the normalized depth and dAn,m is the normalized distance to the view center.
Here, € is a small constant for the background contribution, and its default value is 10~7.
The parameter v € [107°, 1] controls the sharpness of depth ordering, and its default
value is 10~%. The rendered pixel is then obtained by softly compositing the colors of all

intersecting spheres:

R(Xm 0)2 - Z wn,mén,m' (6.4)

Since these weights vary continuously with the sphere position, opacity, and depth, Pulsar

can provide stable gradients even when occlusion and depth change.

Each sphere in Pulsar also has two learnable attributes, namely opacity o0, ,, and
size 5, . To better approximate the visual appearance of points, we fix 0,,,, = 1 and

Sn,m = s. For the selection of size s, we use the same normalization procedure as in
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DPCpr.

(a) (b) (c) (d) Pulsar

Fig. 6.3: Rendered views obtained using different ~y settings
in the Pulsar renderer: (a) default small value, (b) maxi-
mum value,(c) proposed two-phase strategy, and (d) reference
frame.

Our pilot tests further show that the convergence behavior of the Pulsar renderer is
highly affected by the choice of 7. Fig. 6.3 illustrates the rendered results obtained using
different v settings. When using the default small value v = 10~ in Fig. 6.3(a), the ren-
dered appearance becomes discrete and noisy because the gradients with respect to point
positions largely vanish, making position optimization difficult. In contrast, when using
the maximum value v = 1 in Fig. 6.3(b), the rendered output becomes overly smooth and
deviates from the target appearance, which negatively affects color learning. The pro-
posed two-phase strategy shown in Fig. 6.3(c) combines the advantages of both settings
and achieves a result that is visually much closer to the reference frame in Fig. 6.3(d).

Therefore, we adopt the following two-phase approach to determine the optimal *:

* Phase 1: Position optimization with larger . We keep colors fixed and optimize
only positions. In this phase, we set v = 1 so that stable gradients are available for

position convergence.

* Phase 2: Color refinement with smaller v. We keep sphere positions fixed and

reduce + to the default value 10~ to train the remaining attributes and recover finer
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visual details.
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Chapter 7 Downstream Applications

Table 7.1: Summary of Additional Notations for Down-
stream Applications

Symbol Definition

t Number of consecutive dropped frames in error concealment.

7 Index of a missing frame to be concealed, where j € {1,2,...,t}.
T Number of interpolated frames generated between two adjacent

frames in temporal super-resolution.

This chapter describes how the learned motion vectors are used in downstream ap-
plications. Since all learned frames are generated from the key frame, the point-wise
relationships are already available after learning. These relationships allow the system
to interpolate, extrapolate, or encode frames without performing point matching again.
We consider three applications: error concealment, temporal super-resolution, and source
coding. The symbols used in this chapter follow the definitions in Table 4.1. Additional

variables introduced for downstream applications are summarized in Table 7.1.

7.1 Error Concealment

Error concealment reconstructs missing frames when some point cloud frames are
lost or delayed during transmission. In this thesis, we use the explicit point-wise relation-
ships in the learned frames to conceal missing frames by interpolation or extrapolation.

This avoids the need to estimate point correspondences again at the receiver.

7.1.1 Challenge

When dynamic point clouds are transmitted over packet-switching networks, packets
may arrive late or be lost, resulting in missing frames that need to be concealed at the
receiver. Recovering a missing frame, such as X,,, is not straightforward because the

original motion vectors V,, between X; and X,, are not directly available. Without these
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motion vectors, interpolation becomes difficult.

Estimating motion vectors at the receiver from the received adjacent frames is also
difficult. The number of points may differ across frames, and no predefined matching re-
lationship exists between points in different frames. Existing works therefore used point-
matching heuristics [5], [6], but these methods may introduce artifacts such as shape
distortion, color biasing, or structural detail loss, reducing the visual quality of concealed
point clouds. With our joint learning algorithms, motion vectors between learned point

cloud frames are explicitly defined, making error concealment easier to perform.

7.1.2 Solution Approach

Consider ¢ € Z* consecutive frames starting from X; are lost, while X;_l and Xfl i

*

are successfully received. We conceal the missing frames X7, ;

by linear interpolation:

. ok j o .
= X+ X forj € {120 ) (7.1)

In the extreme cases where either X7, or X7, is lost, we use linear extrapolation instead

of interpolation.

7.2 Temporal Super-resolution

Temporal super-resolution increases the frame rate by generating intermediate frames
between existing point cloud frames. Since our learned frames share explicit point-wise
relationships, we can directly interpolate both point positions and colors. This makes the
temporal super-resolution process simple and avoids the need for additional point match-

ing.

7.2.1 Challenge

Temporal super-resolution aims to generate intermediate frames between existing
frames and increase the frame rate. This task is difficult for point clouds because the mo-

tion can be large and non-rigid. In addition, the number of points may vary significantly
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across frames, preventing direct interpolation.

Because of these issues, existing works [7], [8], [10], [11], [14], [27] often use neural
networks. However, many of these methods assume a fixed number of points and require
input point clouds to be downsampled to a predefined size, such as 1024 or 8192 points.
Some of them also focus mainly on positions and pay less attention to colors, which may
affect visual appearance. With our joint learning algorithms, motion vectors for both

positions and colors are available, making temporal super-resolution more direct.

7.2.2 Solution Approach

Let T € Z™ denote the number of new frames to be generated between two adjacent
frames X:‘l and X;‘l +1- We use linear interpolation to create additional frames X;’t, where
t € Z* and t € [1,T]. Specifically, we write:

_ t - t o
Xr =—X 1-—)X7 Vvt e [1,T]. 7.2
n,t T+1 n+( T+1) n+1» 6[7 ] ( )

By applying this process along the dynamic point cloud sequence, the frame rate is in-

creased by 7" + 1 times.

7.3 Source Coding

Source coding reduces the amount of data required to represent a dynamic point
cloud sequence. Instead of directly encoding every non-key input frame, we encode the

key frame and the learned motion vectors.

7.3.1 Challenge

Source coding aims to encode dynamic point clouds into a compact bitstream while
preserving the visual appearance of rendered views from the decoded point clouds. Some
dynamic point cloud coders [2], [3], [45], [46], [47], [48], [49], [50], [63] perform motion
estimation, prediction, and compensation at the cuboid level. However, applying these

operations to unstructured point cloud frames can be time-consuming and may lead to
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limited coding efficiency.

With our joint learning algorithms, the learned frames have explicit motion vectors.
These motion vectors can reduce the entropy of the learned representation, making it

easier to compress with existing source coders.

7.3.2 Solution Approach

After running our joint learning algorithms for each GoF, we obtain learned non-
key frames X* forall n € {2,3,..., N}, together with motion vector V*. Intuitively, V*
contains smaller values and therefore has lower entropy compared with Xj;. For each GoF,
we send X, and V} (n € {2,3,..., N}) into an off-the-shelf dynamic point cloud coder
for more efficient source coding. In this thesis, we evaluate this approach using bzip2 [64]

for lossless compression, since the learned motion vectors are already compact.
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Chapter 8 Experiments

This chapter evaluates the proposed joint learning algorithms and their downstream
applications. We first describe the implementation details, datasets, parameters, and eval-
uation metrics. We then compare the quality and runtime of different joint learning algo-
rithms. Finally, we evaluate how the learned motion vectors benefit error concealment,

temporal super-resolution, and source coding.

8.1 Implementations

We implemented the proposed joint learning algorithms using Python and C++. For
GaaP, the image renderer is built on Open3D [57]. The dynamic 3DGS part is based
on D3DGS [16], with the loss function modified for the joint learning objective. The dy-
namic point cloud converter is also implemented with Open3D, and the optimal parameter

selector is implemented in Python.

For the DPC algorithms, we rewrite the GaaP learning pipeline into a direct point
cloud version. The data loaders, loss functions, and optimizers are kept close to those
used in GaaP, but the differentiable renderer is replaced with a point cloud renderer.
Specifically, DPCpp uses the PyTorch3D renderer [17], and DPCpy; uses the Pulsar ren-

derer [18]. Both algorithms directly update point positions and colors.

For comparison, we implement Adaptive Query Radius (AQR) proposed by Huang
et al. [6] as the baseline. AQR is based on a point matching method that adjusts the search
range according to position and color similarity. The matched point relationships are then

used to derive non-key learned frames and motion vectors.

We also implement the three downstream applications described in Chapter 7. Er-
ror concealment and temporal super-resolution are implemented in Python. For source
coding, we use bzip2 [64] for lossless compression. The source coding baseline directly

compresses the input point cloud frames with bzip2, while our method compresses the
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key frame and the learned motion vectors.

8.2 Setup

Dataset. Table 8.1 lists the dynamic point cloud sequences used in the experiments.
We use two synthetic sequences and four real sequences. The synthetic sequences contain
ground-truth motion vectors, so they are used to evaluate the quality of learned motion
vectors. The real sequences are selected from the 8iVFB v2 dataset [4]. These real
sequences are voxelized human point clouds and contain varying point numbers, lighting
changes, and sensing noise. We focus on human subjects because they usually contain
more complex motion than rigid objects. Therefore, they provide a challenging test case

for evaluating the proposed methods.

Table 8.1: Considered dynamic point cloud sequences.

Sequence Type No. Pts. (M) Voxelized
Man Dance (MAD) Syn. 0.107 (const.) No
Woman Kick (WOK) Syn. 0.141 (const.) No
Redandblack (RNB) Real 0.727 (£0.05) Yes
Loot (LOO) Real 0.794 (£0.02) Yes
Longdress (LON) Real 0.834 (£0.04) Yes
Soldier (SOL) Real 1.075 (£0.02) Yes

For the main evaluation, we use 72 consecutive frames from each sequence. Some
experiments require repeated runs under different parameter settings, so we use 18 frames
in those cases to reduce the running time. Unless otherwise specified, the GoF size is set

to 6. We also evaluate GoF sizes of 3, 6, and 9 in the GoF-size analysis.

Parameters. We vary the number of rendering cameras H € {25, 50, 100, 200}.
The cameras are inward-facing and are distributed over latitudes of 0°, £30°, and +60°,
with equal spacing along the longitude. Unless otherwise specified, we use H = 100 for

the main experiments.
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We also vary the rendering point size s € {1,2,3,4,5,6}. Since sparse and dense
sequences require different point sizes, we use s = 4 for the synthetic sequences and
s = 2 for the real sequences by default. For GaaP and DPC, we run the learning process
for 2000 iterations. The running time is measured on a workstation with AMD EPYC

7543 CPUs at 2.80 GHz and NVIDIA RTX 3090 GPUs.

For downstream applications, we use the following settings. In error concealment,
we vary the number of consecutive dropped frames among 1, 2, and 4. In temporal super-
resolution, we generate 1, 2, or 4 intermediate frames between two adjacent frames. In

source coding, bzip2 is used with its default parameters.

Metrics. For the learned point cloud frames, we report rendered-view quality and
3D-domain quality. Rendered-view quality is evaluated with foreground PSNR and fore-
ground SSIM. We use foreground metrics to avoid the background dominating the quality
values. The evaluation views are rendered from 24 additional cameras that are not used

during learning.

For 3D-domain quality, we report PSNR-D1 for geometry quality and Y-PSNR for
color quality. These metrics compare each learned point cloud frame with its correspond-
ing input point cloud frame. Since the learning objective is based on rendered 2D views,

PSNR-DI1 and Y-PSNR are used as complementary metrics.

For motion-vector quality, we use spatial smoothness and temporal smoothness.
Spatial smoothness measures the motion variation among nearby points, while tempo-
ral smoothness measures the motion variation across adjacent frames. Smaller values

indicate smoother motion vectors.

For learning complexity, we report the per-frame learning time. The measured time
includes image rendering, dynamic 3DGS or point cloud learning, differentiable render-

ing, and point cloud conversion. We also report the rendering time for detailed analyses.

For downstream applications, we use different metrics according to the task. Er-
ror concealment is evaluated with foreground PSNR, foreground SSIM. Temporal super-

resolution is evaluated with warping error [65], where a smaller value means smoother
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temporal behavior. Source coding is evaluated with entropy and compressed bitstream

size. Whenever possible, we report average values with 95% confidence intervals.

8.3 Results

This section evaluates the proposed joint learning algorithms and their downstream

applications.
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Fig. 8.1: Comparison of GaaP, DPCpr, and DPCpy; across
evaluated sequences in: (a) PSNR, (b) SSIM, (c) learning
time, and (d) render time.

Comparison among joint learning algorithms. Fig. 8.1 compares GaaP, DPCpr, and

DPCpy across all evaluated sequences. The goal is to examine the quality—time trade-off

among the three joint learning algorithms. Figs. 8.1(a) and 8.1(b) show that DPCp; gives

the highest rendered-view quality. Compared with GaaP, DPCp;; improves PSNR by up
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to 7.65 dB and 6.71 dB on average. It also improves SSIM by up to 0.19 and 0.13 on
average. Compared with DPC pp, DPCpy; improves PSNR by up to 3.64 dB and 3.19 dB
on average, and improves SSIM by up to 0.11 and 0.06 on average. Fig. 8.1(c) reports
the learning time. GaaP has the shortest learning time among the three algorithms. On
average, GaaP is 10.90x faster than DPCpy; and 93.73 x faster than DPCpp. We further
report render time in Fig. 8.1(d) to explain part of this gap. DPCp; renders 7.56 x faster
than DPCpr on average and up to 11.30x faster. Since rendering is repeatedly used
during learning, the faster Pulsar renderer also reduces the learning time of DPCp;;. GaaP
is not included in Fig. 8.1(d) because its render time is below 1 second per frame in all

sequences.
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Fig. 8.2: Sample visual quality of learned frames from long-
dress: (a) PSNR, (b) SSIM, (c¢) rendered 2D view from AQR,
and (d) rendered 2D view from DPC.

Based on these results, DPCp; gives the best rendered-view quality, while GaaP
gives the shortest learning time. Since DPC pr is worse than DPCpy; in both quality and
runtime, we exclude DPCpr from the following experiments. For simplicity, we refer to

DPCpy as DPC in the rest of this thesis.

Visual quality of learned frames. Fig. 8.2 shows sample results from longdress. Figs. 8.2(a)
and 8.2(b) show the per-frame rendered-view quality. GaaP and DPC clearly outperform

AQR, with gains of up to 20.53 dB in PSNR and 0.78 in SSIM. AQR also has larger qual-
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Fig. 8.3: Quality of learned frames from different joint learn-
ing algorithms in individual sequences: (a) rendered-view
PSNR, (b) rendered-view SSIM, (c) 3D geometry quality
measured by D1-PSNR, and (d) 3D color quality measured
by Y-PSNR.

ity fluctuations. This is because its KNN-based matching becomes less reliable when the
non-key frames are farther away from the key frame. This may create visible artifacts,
such as holes, as shown in Fig. 8.2(c). In contrast, DPC produces a cleaner rendered view,

as shown in Fig. 8.2(d).

Fig. 8.3 reports the quality of learned frames in individual sequences. We use PSNR
and SSIM as rendered-view metrics, and use D1-PSNR and Y-PSNR as 3D-domain met-
rics. Figs. 8.3(a) and 8.3(b) show that both GaaP and DPC improve rendered-view quality
over AQR. Compared with AQR, GaaP and DPC improve PSNR by up to 10.65 dB and
17.74 dB, respectively. Their average PSNR gains are 8.19 dB and 14.90 dB. For SSIM,
GaaP and DPC improve over AQR by up to 0.49 and 0.66, with average gains of 0.35
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and 0.48. Figs. 8.3(c) and 8.3(d) report the 3D-domain metrics. For D1-PSNR, GaaP and
DPC improve over AQR by up to 17.38 dB and 28.33 dB, with average gains of 13.01
dB and 17.96 dB. For Y-PSNR, GaaP improves over AQR by up to 7.21 dB and 4.71 dB
on average. DPC improves Y-PSNR by up to 10.39 dB and 0.47 dB on average, but it
does not outperform AQR in every sequence. We believe this is due to the color refine-
ment stage in DPC, which updates point colors to improve rendered-view quality rather
than directly optimizing 3D-domain color similarity. Therefore, D1-PSNR and Y-PSNR
are treated as complementary metrics, while rendered-view PSNR and SSIM remain the

primary quality metrics.
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Fig. 8.4: Motion vector quality of learned frames from two
representative synthetic sequences: (a) spatial smoothness of
man dance, (b) temporal smoothness of man dance, (c) spatial
smoothness of woman kick, and (d) temporal smoothness of
woman kick.
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Our joint learning algorithms generate smoother motion vectors. Fig. 8.4 reports
spatial smoothness and temporal smoothness for man dance and woman kick. The results
show that the motion vectors learned by GaaP and DPC are smoother than those derived
by AQR in both spatial and temporal domains. Compared with AQR, DPC reduces spatial
smoothness and temporal smoothness by 93.35% and 88.46% on average, respectively.
These two metrics are useful because they directly measure the stability of motion vectors,
which cannot be captured by PSNR or SSIM alone. From Fig. 8.4, we also observe that
AQR shows stronger zigzag patterns across frames. This is because AQR relies on frame-
wise point matching, and its matching quality becomes unstable when the motion from the
key frame becomes larger. In contrast, GaaP and DPC learn point-wise motion vectors
through rendered-view optimization, so their smoothness curves are more stable across

frames.

Implications of the number of rendering cameras. Fig. 8.5 shows the effect of the
number of rendering cameras (/) on rendered-view quality. We use the first three GoFs
of man dance and longdress for this analysis. These two sequences are selected because
they represent two different data types in our evaluation: man dance is a sparse synthetic
sequence, while longdress is a dense real sequence. The results show that increasing H
generally improves PSNR and SSIM. However, the gain becomes small after / is larger
than 50. For example, increasing H from 100 to 200 improves PSNR by at most 0.08 dB
and SSIM by 0.0020 for GaaP and DPC on these two sequences. Therefore, we use at

least 50 rendering cameras in our joint learning algorithms.

Implications of rendering point size. Fig. 8.6 studies how the rendering point size
(s) affects visual quality. We again use the first three GoFs of man dance and longdress
because they represent sparse synthetic and dense real sequences, respectively. This com-
parison shows that the best point size depends on point density. For the sparse man dance
sequence, Figs. 8.6(a) and 8.6(b) show that both GaaP and DPC reach the best visual
quality when s = 4. For the dense longdress sequence, Figs. 8.6(c) and 8.6(d) show that
both methods perform best when s = 2. We omit s = {5, 6} for longdress because they
result in much lower visual quality and make the trend of smaller point sizes harder to
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Fig. 8.5: Visual quality of learned frames under different
numbers of rendering cameras: (a) PSNR of man dance, (b)
SSIM of man dance, (c) PSNR of longdress, and (d) SSIM of
longdress.

observe. These results indicate that s should be chosen according to the point density of
each sequence. The gap caused by different s can reach 17.28 dB in PSNR and 0.66 in
SSIM. This effect is especially clear for sparse sequences, where a small point size may

create holes in rendered views.

Implications of GoF size. Fig. 8.7 compares different GoF sizes over the first 18
frames. We use this shorter range because this analysis requires repeated runs under
different GOF settings. Across all evaluated sequences and methods, GoF=3 gives higher
PSNR than GoF=6 by 0.57 dB on average, while GoF=6 gives higher PSNR than GoF=9
by 0.29 dB on average. For SSIM, GoF=3 improves over GoF=6 by 0.02 on average, and

GoF=6 improves over GoF=9 by 0.01 on average. This trend is expected because a smaller
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GoF keeps each non-key frame closer to its key frame, reducing the motion that must be
learned. However, a smaller GoF also creates more key frames. This is less desirable
for downstream applications because fewer frames can be represented as learned non-key
frames with explicit motion vectors. Therefore, even though GoF=3 gives the best visual
quality, we use GoF=6 as the default setting because it provides a better balance between

visual quality and the number of learned non-key frames.
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Error concealment with learned motion vectors. Fig. 8.8 compares the quality of
concealed frames under different numbers of consecutive frame drops. The baseline is the
high-quality variant of the pipeline in Huang et al. [6]. Across the evaluated sequences,
using the motion vectors learned by GaaP and DPC leads to higher concealed-frame qual-
ity than the baseline. For the single-frame-drop case, GaaP and DPC increase PSNR by
up to 7.14 dB and 10.90 dB, respectively. They also increase SSIM by up to 0.40 and 0.51,
respectively. The same trend can be observed when two or four consecutive frames are
dropped. For two-frame drops, GaaP and DPC improve PSNR by 3.24 dB and 4.97 dB on
average, while improving SSIM by 0.19 and 0.21 on average. For four-frame drops, the
average PSNR gains are 2.92 dB and 4.38 dB, and the average SSIM gains are 0.17 and
0.18, respectively. In addition, our concealment process is much faster than the baseline
pipeline. For example, concealing one missing frame takes about 30 ms with our motion
vectors, while the baseline pipeline takes nearly one minute because of its point-matching

process.
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Temporal super-resolution with learned motion vectors. Fig. 8.9 reports warping
error [65] after temporal super-resolution. This metric measures temporal jitter and mo-
tion discontinuity in rendered views. Fig. 8.9(a) shows a per-frame example from the first
GoF of man dance, where four frames are interpolated between adjacent input frames.
The key frame is not plotted because its warping error is zero by definition. The baseline,
which is based on the high-quality variant of the pipeline in Huang et al. [6], shows large
fluctuations in this example. In comparison, GaaP and DPC produce smoother warping-
error curves. Figs. 8.9(b)-8.9(d) further show the per-sequence results with one, two, and
four interpolated frames. Compared with the baseline, GaaP reduces the average warp-
ing error by 57.28%, 54.70% and 57.18%, while DPC reduces by 46.42%, 36.27% and
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39.65%. The increase mainly occurs in more difficult cases with four interpolated frames.
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Source coding with learned motion vectors. Fig. 8.10 evaluates whether the learned
motion vectors are suitable for source coding. Figs. 8.10(a) and 8.10(b) show the shifted
L2-distance distributions for man dance and longdress. Compared with the original point
cloud values, the learned motion vectors from GaaP and DPC are more concentrated
around zero. This indicates that the learned motion vectors contain less variation and
are easier to encode. This trend is also supported by the entropy results in Fig. 8.10(c).
Compared with directly encoding the original input point clouds, GaaP and DPC reduce
entropy by up to 45.81% and 37.54%, respectively. As shown in Fig. 8.10(d), this re-
duction leads to smaller bitstream sizes after lossless bzip2 compression. The largest bit-
stream size reductions are 54.18% for GaaP and 51.62% for DPC. Finally, Figs. 8.10(e)
and 8.10(f) show that the compressed representation still keeps high rendered-view qual-

ity, reaching up to 33.19 dB in PSNR and 0.96 in SSIM.
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Chapter 9 Conclusion

This chapter concludes the thesis and discusses possible future research directions.
The first section summarizes the main findings of this thesis, including the proposed joint
learning problem, the two types of learning algorithms, the learned motion-vector quality,
the learned point cloud quality, and the performance in downstream applications. The
second section discusses remaining limitations and outlines several future research prob-

lems.

9.1 Concluding Remarks

This thesis studied the joint learning problem of dynamic point clouds and motion
vectors. Instead of directly matching two independently captured point cloud frames,
this thesis learns non-key frames from a key frame. Since each learned non-key frame
is generated from the key frame, the point-wise motion vectors can be directly obtained.
This thesis proposed two types of joint learning algorithms. The first type is Gaussian-as-
a-Proxy (GaaP), which uses dynamic 3DGS as a proxy to learn non-key frames and derive
motion vectors. The second type is Direct Point Cloud (DPC) learning, which directly
updates point positions and colors with differentiable point cloud renderers. GaaP has

shorter learning time, while DPC can provide better rendered visual quality.
The main findings of this thesis are summarized as follows:

* Joint learning of point clouds and motion vectors. This thesis formulated the
joint learning problem for dynamic point clouds. Instead of first estimating point
relationships between two unstructured frames and then deriving motion vectors,
the proposed method learns non-key frames from a key frame. This gives each
learned non-key frame the same point order as the key frame. As a result, point-

wise motion vectors can be obtained directly after learning.

* Gaussian-as-a-Proxy and Direct Point Cloud learning. This thesis designed two
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types of learning algorithms for the same joint learning problem. GaaP uses dy-
namic 3DGS as a proxy and converts the learned Gaussian frames back to point
cloud frames. DPC removes the Gaussian proxy and directly optimizes point po-
sitions and colors. These two methods provide different choices between learning
time and rendered visual quality. DPC gives higher rendered-view quality, improv-
ing PSNR over GaaP by 6.71 dB on average and up to 7.65 dB. It also improves
SSIM over GaaP by 0.13 on average and up to 0.19. On the other hand, GaaP has

the shortest learning time, being 10.90x faster than DPC on average.

Motion-vector quality. By learning non-key frames from the key frame, the pro-
posed algorithms avoid heuristic point matching between independently captured
frames. The learned motion vectors are smoother in both the spatial and tempo-
ral domains. Compared with AQR, DPC reduces spatial smoothness and temporal
smoothness by 93.35% and 88.46% on average, respectively. This shows that the
learned point-wise relationships are more suitable for describing motion in dynamic

point cloud sequences.

Quality of learned point clouds. The proposed algorithms learn non-key point
cloud frames by matching rendered 2D views of the input frames. This makes the
learned frames preserve the visual appearance of the original dynamic point cloud
sequence. Compared with AQR, GaaP and DPC improve foreground PSNR by up
to 10.65 dB and 17.74 dB, respectively. Their average PSNR gains are 8.19 dB and
14.90 dB. For foreground SSIM, GaaP and DPC improve over AQR by up to 0.49
and 0.66, with average gains of 0.35 and 0.48. These results show that the learned
frames can provide better rendered visual quality while keeping explicit motion

vectors.

Downstream applications. This thesis applied the learned motion vectors to three
downstream applications: error concealment, temporal super-resolution, and source
coding. For error concealment, the learned point-wise relationships allow missing
frames to be reconstructed by interpolation or extrapolation without running point
matching again. Compared with the baseline, GaaP and DPC improve PSNR by

up to 7.14 dB and 10.90 dB for the single-frame-drop case, respectively. They also
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improve SSIM by up to 0.40 and 0.51, respectively. For temporal super-resolution,
the same point order across learned frames allows intermediate frames to be gener-
ated by directly interpolating point positions and colors. The learned motion vec-
tors reduce temporal discontinuity in rendered views, and the warping error can
be reduced by up to 77.61% compared with the baseline. For source coding, the
key frame and learned motion vectors are encoded instead of all non-key input
point clouds, since many motion-vector values are close to zero and are easier to
compress. Compared with directly encoding the original input point clouds, GaaP
and DPC reduce entropy by up to 45.81% and 37.54%, respectively. The largest
compressed-size reductions are 54.18% for GaaP and 51.62% for DPC. The com-
pressed representation still keeps high rendered-view quality, reaching up to 33.19

dB in PSNR and 0.96 in SSIM.

These results show that the proposed joint learning method is useful not only for
learning non-key point cloud frames, but also for producing motion vectors that can sup-
port later processing. The same learned motion information can be used for error conceal-
ment, temporal super-resolution, and source coding. Among the two proposed learning
methods, GaaP is more suitable when learning time is the main concern, while DPC is
more suitable when rendered visual quality is more important. Overall, this thesis shows
that learning dynamic point clouds and motion vectors together is a practical way to create

point-wise relationships for dynamic point cloud sequences.

9.2 Future Directions

Several limitations remain in this thesis. Instead of listing them only as general
future work, this section formulates them as concrete future research problems. Each
problem can be studied as an independent research direction for improving joint learning

of dynamic point clouds and motion vectors.
Future Research Problem 1 (Outlier-Aware Joint Learning).

Given a key point cloud frame, a set of learned non-key frames, and a set of training
cameras, how can we remove points that contribute little to rendered-view quality while
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preserving the visual quality of the learned sequence?

This problem comes from the observation that rendered-view optimization may keep
points that are not important for the final rendered images. Some of these points may be
outliers or redundant points. They may have little influence on PSNR or SSIM, but they

still increase the number of points, the motion-vector size, and the compression cost.

A possible research direction is to design an importance score for each learned point.
The score may be based on visibility, rendering contribution, accumulated opacity, or the
change in rendered loss after removing the point. Based on this score, a pruning algorithm
can remove low-importance points after learning. Another direction is to add a sparsity
or pruning term during learning, so that unimportant points are gradually removed while

the learned frames are optimized.

The main challenge is to remove points without creating holes or visible artifacts
in rendered views. A successful solution should reduce the number of points and the
compressed bitstream size while keeping rendered-view PSNR and SSIM close to the

unpruned learned sequence.
Future Research Problem 2 (Occlusion-Aware Joint Learning under Strong Motion).

Given a GoF with large non-rigid motion, occlusion, or newly visible surfaces, how
can a joint learning algorithm generate learned non-key frames when some target regions

cannot be represented well by moving only the key-frame points?

This problem addresses a key limitation of the current formulation. This thesis learns
each non-key frame by moving points from the key frame. This works well when the key
frame contains most of the visible surfaces in the following non-key frames. However,
when strong motion, self-occlusion, disocclusion, or topology change occurs, some re-

gions in a non-key frame may not have good corresponding points in the key frame.

A possible research direction is to make the GoF structure adaptive. For example,
the system can shorten the GoF when motion becomes large, or choose a new key frame
when the current key frame no longer covers the visible content. Another direction is
to allow controlled point generation for newly visible regions. In this case, the method
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must decide when a new point should be added, where it should be initialized, and how

its motion vector should be represented.

The main challenge is to support newly visible content without losing the advantage
of explicit point-wise relationships. A successful solution should improve rendered-view
quality in difficult motion regions while keeping the learned sequence structured enough

for error concealment, temporal super-resolution, and source coding.
Future Research Problem 3 (Dynamic 3DGS Proxy Selection for Joint Learning).

Given multiple dynamic 3DGS algorithms, how can we determine which proxy is
most suitable for learning point clouds and motion vectors under different dynamic point

cloud sequences?

This problem extends the GaaP direction. GaaP uses dynamic 3DGS as a proxy be-
cause dynamic 3DGS can maintain temporally related Gaussian representations. How-
ever, different dynamic 3DGS methods may have different assumptions, deformation
models, training costs, and temporal consistency properties. These differences may af-
fect the learned point clouds, the motion vectors, and the final downstream application

quality.

A possible research direction is to build a proxy evaluation framework. The frame-
work should compare different dynamic 3DGS proxies under the same point cloud inputs,
camera settings, and conversion procedure. The comparison should include rendered-
view quality, learning time, motion-vector smoothness, point cloud conversion quality,

and downstream performance.

The main challenge is that a proxy with high 3DGS rendering quality may not al-
ways produce the best point cloud or motion vectors after conversion. A successful so-
lution should identify what proxy properties are important for joint learning and provide

guidelines for choosing or designing better dynamic 3DGS proxies.
Future Research Problem 4 (Efficient Direct Point Cloud Learning).

Given a direct point cloud learning algorithm with high rendered-view quality but
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long learning time, how can we reduce the learning cost while preserving point-wise

motion-vector quality?

This problem focuses on the practical cost of DPC. DPC directly optimizes point
positions and colors with differentiable point cloud renderers. This design avoids the
Gaussian proxy and can provide high rendered-view quality, but it also requires many
rendering and optimization iterations. This cost limits the use of DPC on long sequences

or large-scale datasets.

A possible research direction is to reduce the optimization space. For example, points
can be divided into local regions, and each region can be optimized with shared or hier-
archical motion parameters before point-level refinement. Another direction is to use
multi-resolution learning, where the algorithm first learns a coarse motion field and then
refines only difficult regions. Faster differentiable point cloud renderers or cached visibil-

ity information may also reduce the repeated rendering cost.

The main challenge is to reduce learning time without turning point-wise motion into
overly coarse region-wise motion. A successful solution should lower per-frame learning
time while maintaining rendered-view PSNR, SSIM, and motion-vector smoothness close

to the original DPC result.
Future Research Problem 5 (Application-Aware Motion Vector Learning and Coding).

Given that different downstream applications use motion vectors in different ways,
how can we learn motion vectors that are optimized for a target application instead of

using the same learned motion vectors for all applications?

This problem comes from the fact that error concealment, temporal super-resolution,
and source coding prefer different motion-vector properties. Error concealment needs
motion vectors that remain reliable when frames are missing. Temporal super-resolution
needs temporally smooth motion to avoid jitter. Source coding needs motion vectors that
are compact, low-entropy, and easy to encode. A single learning objective may not be

optimal for all of these goals.

A possible research direction is to add application-aware terms to the joint learn-
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ing objective. For error concealment, the loss can include reconstruction quality after
simulated frame drops. For temporal super-resolution, the loss can include temporal con-
sistency or warping error after interpolation. For source coding, the loss can include
entropy, quantization error, or bitstream size after encoding. Another direction is to learn
different motion-vector representations for different applications while keeping the same

key-frame-based structure.

The main challenge is to balance rendered-view quality and application-specific per-
formance. A successful solution should show that application-aware learning improves
the target downstream task without causing unacceptable degradation in the learned frame

quality.

Future Research Problem 6 (Generalization to Diverse Dynamic Point Cloud Datasets).

Given that dynamic point clouds may contain different object categories, motion
patterns, and scene structures, how can we evaluate whether joint learning of point clouds

and motion vectors generalizes beyond human avatar sequences?

This problem comes from the scope of the current evaluation. This thesis mainly
evaluates the proposed methods on dynamic human point cloud sequences. Human avatars
are challenging targets because they often contain non-rigid motion, self-occlusion, chang-
ing silhouettes, and fine geometric details. Therefore, showing good performance on these
sequences provides strong evidence for the effectiveness of the proposed method. How-
ever, other types of dynamic point clouds, such as rigid objects, vehicles, animals, or

outdoor scenes, may have different motion properties and visibility changes.

A possible research direction is to evaluate the proposed framework on a broader
set of dynamic point cloud datasets. These datasets may include both rigid and non-
rigid objects, controlled synthetic sequences, real captured sequences, and scenes with
different point densities. The evaluation should compare rendered-view quality, motion-
vector smoothness, learning time, and downstream application performance across these

categories.
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The main challenge is that different datasets may require different camera settings,
point sizes, GoF lengths, and training parameters. A successful solution should show
whether the current framework can be directly applied to new datasets, or whether adap-

tive parameter selection is needed for different object categories and motion types.
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Appendix A Other Research Contributions

This appendix briefly summarizes other research projects that I participated in during
my graduate study. These works are not the main focus of this thesis, but they are related
to immersive media, 3D Gaussian Splatting, and volumetric content systems. They also

helped build the background and system experience used in this thesis.

A.1 DASH Streaming for Dynamic 3DGS Scenes

In our work on LTS [66], we studied how to stream dynamic multi-layer 3D Gaussian
Splatting scenes through a DASH-based system. The main goal was to support adaptive
streaming for dynamic 3DGS content, where the system can adjust the delivered repre-
sentation according to network and playback conditions. This work focused more on the
delivery side of immersive 3D content, while this thesis focuses on learning point clouds
and motion vectors for volumetric video. Both works share the same broader goal: mak-

ing dynamic 3D media easier to store, transmit, and render.

A.2 6-DoF Navigation Dataset for 3DGS Scenes

In EyeNavGS [67], we built a 6-DoF navigation dataset and record-and-replay soft-
ware for real-world 3DGS scenes in VR. The dataset records user navigation behavior, in-
cluding head pose and eye gaze, when users explore 3DGS scenes through a VR headset.
This work provides data and tools for studying viewport prediction, adaptive streaming,
foveated rendering, and user behavior in 3DGS environments. Compared with the main
topic of this thesis, EyeNavGS focuses on user navigation and system evaluation, while
this thesis focuses on generating learned point clouds and explicit motion vectors. How-
ever, both works are connected by the same need to support practical 6-DoF immersive

experiences.
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A.3 Drone Trajectory Planning for 3DGS Capture

In our drone trajectory planning work [68], we studied how to plan drone paths for
capturing objects that will later be reconstructed with 3D Gaussian Splatting. The goal
was to choose useful camera viewpoints so that the captured images can better support
high-quality 3DGS reconstruction. This work focuses on the capture stage of 3D content
creation. In contrast, this thesis focuses on the processing stage after dynamic point clouds
are already available. Together, these works cover different parts of the 3D media pipeline,

from data capture to representation learning and downstream applications.
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Appendix B Additional Rendered View
Results

This appendix provides additional sample rendered non-key frames for each evalu-
ated sequence. For each sequence, the first row shows the GT rendered frames, and the
second row shows the rendered frames from our learned point clouds. These examples
complement the visual quality results in Sec. 8 by showing frame-level rendered views
across different synthetic and real sequences. Fig. B.1, Fig. B.2, Fig. B.3, Fig. B4,

Fig. B.5, and Fig. B.6 show additional rendered-view examples for all evaluated se-

quences.
rd
(a) GT
rd 4
(b) Ours

Fig. B.1: Sample rendered frames from man dance: (a) GT
and (b) Ours.
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Fig. B.2: Sample rendered frames from woman kick: (a) GT
and (b) Ours.
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Fig. B.3: Sample rendered frames from redandblack: (a) GT
and (b) Ours.
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Fig. B.4: Sample rendered frames from loot: (a) GT and (b)
Ours.
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Fig. B.5: Sample rendered frames from longdress: (a) GT
and (b) Ours.
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Fig. B.6: Sample rendered frames from soldier: (a) GT and
(b) Ours.
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