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Abstract

Real-world environments are inherently dynamic, yet most point cloud processing meth-

ods assume static scenes. This fundamental limitation restricts the deployment of 3D

perception systems in applications requiring temporal understanding, from autonomous

navigation to human-robot interaction. This thesis presents three techniques for dy-

namic point cloud processing, each operating at a distinct level of representation—high-

level semantic understanding, intermediate-level motion analysis, and low-level geo-

metric reconstruction. While developed independently to address specific challenges

at each level, these techniques collectively advance the state-of-the-art in dynamic 3D

scene understanding.

At the highest level of semantic representation, where low-cost deployment is the pri-

mary challenge, we introduce Kinet—a kinematics-inspired neural network that seam-

lessly extends static point cloud architectures to dynamic scenes. By generalizing space-

time surfaces to the feature space, Kinet achieves state-of-the-art accuracy (93.27%

on MSRAction-3D) with minimal computational overhead (3.20M parameters, 10.35G

FLOPs), enabling practitioners to leverage existing infrastructure with minor modifica-

tions and without expensive scene flow computation.

At the intermediate level of motion representation, where annotation-free generaliza-

tion is paramount, we develop an unsupervised part-level SE(3)-equivariant approach

for rigid segmentation and motion estimation. This technique exploits geometric priors

and inherent structure in multi-body motion through self-supervised learning, achieving

competitive performance (63.8% AP on SAPIEN) with an exceptionally lightweight ar-

chitecture (0.25M parameters, 0.92G FLOPs), eliminating the need for expensive man-

ual annotations while generalizing robustly to unseen object categories.
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At the low level of geometric representation, where data efficiency is critical, we present

MotionStruct4D for video-to-4D generation from single-view inputs. Through self-

supervised motion structure discovery and weighted dense-to-sparse optimization, this

method reconstructs complete 4D representations from minimal observations, achieving

superior performance on our challenging ARTEMIS-DFA benchmark while providing

interpretable motion decomposition.

Each technique addresses a distinct primary challenge at its respective level: low-cost

deployment for high-level semantic tasks, annotation-free generalization for intermediate-

level motion analysis, and data efficiency for low-level reconstruction. While maintain-

ing high quality across all approaches, these targeted solutions demonstrate that effec-

tive dynamic point cloud processing requires specialized methods tailored to the unique

demands of each representational level.

Extensive experiments on synthetic and real-world datasets validate the effectiveness of

our techniques. By prioritizing both performance and practical deployability, our contri-

butions provide researchers and practitioners with efficient tools for different aspects of

dynamic 3D understanding. Though developed independently, these techniques are the-

matically connected by the shared goal of advancing dynamic point cloud representation

learning.
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1 | Introduction

1.1 Motivation

The cornerstone of enhanced machine autonomy lies in the capacity to compre-

hend and interact with the three-dimensional world. While robotics has histori-

cally relied on 2D representations from cameras due to cost, native 3D sensors

such as LiDAR and radar offer richer, metric spatial data capture. Among various

3D data representations including volumetric grids and meshes, point clouds stand

out for their inherent flexibility, compactness, and resilience against quantization

artifacts. This advantage stems from their representation as raw coordinates, un-

constrained by the fixed resolution limitations that are characteristic of grids or

meshes. Consequently, point clouds have emerged as the preferred format across

numerous applications in 3D sensor data processing, encompassing autonomous

driving, intelligent robotics, and human-robot interaction. The evolution of deep

neural networks has facilitated significant advancements in static point cloud rep-

resentation learning [1–13].

Nevertheless, the dynamic nature of real-world environments, which encompasses

both spatial and temporal dimensions, presents formidable challenges for static

models processing time-evolving point clouds. The absence of temporal encod-

ing in these models hampers the comprehension of inter-frame context underlying

scene dynamics, necessitating specialized architectures for dynamic point cloud

processing. Real-world scenarios involve continuous motion, articulated defor-

mations, and complex interactions between multiple objects, all of which require

sophisticated temporal modeling capabilities that static approaches cannot pro-

vide.
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Despite substantial progress in deep static models, research on deep learning for

dynamic point cloud sequences remains in its nascent stages, with limited stud-

ies focusing on specific domains such as recognition [14–18], prediction [19–23],

and scene flow estimation [24–26]. This research gap motivates our endeavor to

develop deep learning techniques that address distinct yet important aspects of dy-

namic point cloud processing, spanning semantic classification, motion analysis,

and geometric reconstruction.

Ensuring High Quality (Across Levels)

Low-cost Deployment

(High-level)

Annotation-free 

Generalization 

(Intermediate-level)

Data Efficiency

(Low-level)

High-level Semantic 

Content Understanding 

Intermediate-level Motion 

Pattern Extraction

Low-level Geometry & 

Appearance Capture 

Extending Static Point 

Cloud Models to Dynamic 

3D Video Classification 

(Chapter 3) 

Unsupervised Multi-body 

SE(3) Equivariance for 

Motion Analysis

(Chapter 4) 

Motion Structure-aware 

Gaussian Splatting for 

Video-to-4D Generation

(Chapter 5) 

All-level 

Challenges

Level-specific 

Challenges

Hierarchical 

Representations

Objectives & 

Proposed 

Solutions

Figure 1.1: Three proposed techniques for dynamic point cloud processing at dif-
ferent representation levels. This diagram illustrates our collection of techniques
(blue boxes) operating at three distinct representation levels (orange boxes), and
the associated challenges addressed. All-level challenges (green box) of ensuring
high quality span across all levels, while level-specific challenges (purple boxes)
vary by level: low-cost deployment at the high level, annotation-free generaliza-
tion at the intermediate level, and data efficiency at the low level. These tech-
niques were developed independently to address specific challenges at each level;
they are connected thematically rather than architecturally.

1.2 Problem Statement & Research Questions

The challenge of learning from dynamic point cloud sequences can be approached

from multiple angles, depending on the level of abstraction at which representa-
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tions are sought. In this thesis, we address three such levels through comple-

mentary but largely independent research contributions. It is important to note

that Chapters 3–5 represent distinct research threads, each with its own techni-

cal approach, datasets, and evaluation criteria. They do not form a tightly cou-

pled pipeline or a single integrated architecture; rather, they are connected by the

shared theme of advancing dynamic point cloud understanding. We explore the

following overarching research question:

How can we develop effective deep representations for dynamic point clouds

that address fundamental challenges at different levels of abstraction?

To address this question, we investigate three sub-questions that correspond to

different representational levels. Each sub-question is tackled as an independent

research contribution with its own objectives and methodology:

High-level Representations: How can we understand semantic content in dy-

namic scenes? At the highest level of abstraction, our goal is to enable ma-

chines to understand dynamic scenes—recognizing specific behaviors, activities,

or events occurring within temporal sequences. This involves developing mod-

els that can classify entire point cloud videos into meaningful semantic cate-

gories, such as distinguishing between different types of human actions, animal

behaviors, object interactions, or hand gestures. The challenge lies in aggregating

complex spatio-temporal information into discriminative features that capture the

essence of dynamic events.

Intermediate-level Representations: How can we extract motion patterns in

dynamic point clouds? To understand object dynamics, systems must be capa-

ble of analyzing and decomposing the motion patterns of individual components

within dynamic scenes. This intermediate level of representation focuses on un-
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derstanding how different parts of objects or scenes move over time, involving

the segmentation of dynamic scenes into meaningful motion units and the esti-

mation of their individual transformations. The key challenges include handling

multi-body rigid motions, dealing with articulated deformations, and maintain-

ing consistency across temporal sequences while preserving fine-grained motion

details.

Low-level Representations: How can we capture geometry and appearance

information to encode complete 3D dynamics? At the foundational level, gen-

erating complete 4D representations from limited observations requires detailed

reconstruction of the entire dynamic scene, including its precise geometry, clear

appearance, and temporal evolution. This is particularly challenging in scenar-

ios involving occlusions, complex interactions, restricted viewpoints, or varying

illumination conditions. The low-level representation must capture not only the

static geometric properties of objects but also their dynamic appearance changes,

deformations, and the underlying structure that governs their temporal behavior.

1.3 Key Challenges

As shown in Figure 1.1, each technique faces distinct challenges. While ensuring

high quality is important across all levels, each level has its own specific primary

challenge that drives the design of targeted solutions.

1.3.1 Cross-level Quality Requirements

Ensuring High Quality The requirement for high-quality outputs is essential

for each technique, though it manifests differently at each level. At the high level,

achieving accurate semantic classification requires models to effectively aggre-
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gate spatio-temporal information while handling the geometric irregularity and

temporal dynamics of point clouds. At the intermediate level, accurate motion

segmentation and estimation must handle varying point cloud densities and ar-

ticulated objects with multiple moving parts. At the low level, reconstructing

complete 4D representations from minimal observations presents severe ill-posed

problems, requiring inference of plausible geometry and motion for entirely un-

observed regions while maintaining physical realism and temporal coherence.

Each technique is developed independently, and maintaining high quality stan-

dards is essential for ensuring reliable and competitive performance.

1.3.2 Level-specific Primary Challenges

Each representational level faces a distinct primary challenge that drives the de-

sign of targeted solutions.

Low-cost Deployment (High Level) At the high level, the critical challenge is

enabling low-cost deployment that minimizes both computational resources and

integration overhead. Dynamic point cloud processing inherently involves com-

plex spatio-temporal computations that can quickly become computationally pro-

hibitive, particularly when processing long sequences or high-resolution data. The

computational burden grows significantly—rather than linearly—with sequence

length and resolution. Beyond raw computational demands, deployment costs

also encompass the practical challenges of integrating new methods into existing

systems. The ideal solution must balance temporal modeling capabilities with

practical deployment constraints, avoiding computationally expensive operations

like dense scene flow estimation or memory-intensive temporal architectures. So-

lutions should integrate seamlessly with existing frameworks, leverage available

pre-trained models where possible, and require minimal architectural modifica-
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tions.

Annotation-free Generalization (Intermediate Level) At the intermediate level,

the primary challenge is achieving annotation-free generalization that enables ro-

bust performance without expensive manual labels. Rigid-part segmentation and

motion estimation traditionally require frame-by-frame annotation of individual

object components and their transformations, representing a substantially greater

annotation burden compared to sequence-level labels needed for high-level tasks.

Moreover, the model must generalize across diverse object categories, including

household items, tools, and materials unseen during training, and handle arbitrary

motion patterns without category-specific supervision. This challenge necessitates

developing self-supervised learning strategies that can discover motion structures

from the data itself, leveraging geometric priors and physical constraints.

Data Efficiency (Low Level) At the low level, the fundamental challenge is data

efficiency—generating complete 4D representations from minimal input data. While

traditional 4D reconstruction assumes multi-view observations or dense temporal

sampling, practical applications often provide only single-view monocular videos

with limited frames. This extreme data scarcity requires methods that can effi-

ciently exploit available information while intelligently inferring missing geom-

etry and motion. The challenge involves not just interpolating between observed

states but synthesizing plausible geometry for entirely unobserved regions, such

as the back side of objects or occluded parts.

1.4 Proposed Solutions

Guided by the analysis in Figure 1.1, this thesis presents three technical contri-

butions, each addressing a distinct challenge in dynamic point cloud processing.

6



University of Oxford Wolfson College

These contributions are independent in their technical design and can be under-

stood separately, though they collectively cover a broad spectrum of dynamic 3D

understanding tasks. Figure 1.2 illustrates the input-output relationships of our

three proposed techniques, demonstrating how each method operates on differ-

ent data modalities and produces distinct representations tailored to their specific

objectives.

Sequence-level

Classification

Rigid-part Segmentation 

& Motion Estimation

4D Point-based Gaussian-

splatting Representation

Point Cloud Sequence Set of Point Cloud Frames
Single-view 

Monocular Video

Kinet

(Chapter 3) 

Multi-body SE(3) 

Equivariant Framework

(Chapter 4) 

MotionStruct4D

(Chapter 5) 

Output

Input

Model

Figure 1.2: Input-output relationships of the three proposed techniques for dy-
namic point cloud processing. Each column shows the data flow from input
(light yellow) through the proposed model (light blue) to output (light green).
Kinet (Chapter 3) processes point cloud sequences for high-level classification,
the Multi-body SE(3) Equivariant Framework (Chapter 4) analyzes sets of point
cloud frames for intermediate-level motion understanding, and MotionStruct4D
(Chapter 5) transforms single-view monocular videos into low-level 4D represen-
tations.

1.4.1 High-level Representations: Extending Static Point Cloud

Models to Dynamic 3D Video Classification

At the high level, where low-cost deployment is the primary challenge, we de-

velop Kinet—a kinematics-inspired neural network that seamlessly extends exist-

ing static architectures to handle temporal sequences. As shown in the first column

of Figure 1.2, Kinet takes a point cloud sequence as input and outputs a sequence-
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level classification label for the entire video. The primary objective is to enable

dynamic point cloud video classification while minimizing both computational

overhead and integration complexity.

The key innovation lies in generalizing space-time surfaces to the feature space,

allowing temporal information to be incorporated through lightweight kinematic

learning units that preserve the core static architecture. By unrolling the ST-

normal solver differentiably in the feature space, Kinet implicitly encodes feature-

level dynamics without explicitly computing point-wise correspondences. This

approach achieves state-of-the-art accuracy (93.27% on MSRAction-3D) with

only 3.20M parameters and 10.35G FLOPs—a fraction of the computational cost

required by scene flow-based alternatives, making it suitable for real-time deploy-

ment in resource-constrained settings. More importantly, the framework enables

practitioners to leverage their existing infrastructure with minimal modifications,

preserving investments in pre-trained models and established codebases. The de-

tailed methodology and experimental validation of this approach are presented in

Chapter 3.

1.4.2 Intermediate-level Representations: Unsupervised Multi-

body SE(3) Equivariance for Motion Analysis

At the intermediate level, where annotation-free generalization is paramount, we

develop an unsupervised part-level SE(3)-equivariant framework for rigid seg-

mentation and motion estimation. As depicted in the second column of Figure 1.2,

our method takes a set of point cloud frames as input and outputs two comple-

mentary results: rigid-part segmentation masks for each frame and part-level rigid

motion between frame pairs. The focus is on eliminating manual annotation re-

quirements while achieving robust generalization across diverse object categories
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and motion patterns.

The primary innovation lies in exploiting geometric equivariance properties to de-

compose multi-body motion without supervision. Our architecture features two

interconnected lightweight heads: an invariant segmentation head that aggregates

SE(3)-equivariant features into point-level invariant representations for mask pre-

diction, and an equivariant motion head that computes part-level correlations for

transformation estimation. By leveraging the inherent structure in rigid transfor-

mations and developing self-supervised training strategies that exploit the inter-

relationships among scene flow, segmentation masks, and rigid transformations,

our approach transforms motion analysis from an annotation-intensive task to an

unsupervised learning problem. The lightweight architecture (0.25M parameters,

0.92G FLOPs) achieves 63.8% AP on SAPIEN rigid segmentation without any

manual labels, demonstrating strong generalization to unseen object categories

through geometric priors rather than learned category-specific features. The com-

prehensive methodology and experimental evaluation are detailed in Chapter 4.

1.4.3 Low-level Representations: Motion Structure-aware Gaus-

sian Splatting for Video-to-4D Generation

At the low level, where data efficiency is the fundamental challenge, we present

MotionStruct4D—a novel approach for video-to-4D generation from single-view

monocular inputs. As illustrated in the third column of Figure 1.2, Motion-

Struct4D processes a single-view monocular video captured from a certain camera

viewpoint and generates a complete 4D Gaussian Splatting point-based represen-

tation that can be rendered from arbitrary viewpoints and timestamps. The ob-

jective is to reconstruct comprehensive 4D content while working with minimal

observational data.
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The key innovation centers on discovering and exploiting motion structures within

3D Gaussian Splatting representations. Our method establishes canonical 3D

Gaussians and models their time-dependent deformations through a two-stage

process: first identifying quasi-rigid parts via self-supervised spatio-temporal re-

lationship preservation, then decomposing motion into rigid transformations and

non-rigid deformations. Through weighted dense-to-sparse optimization that tran-

sitions from dense per-Gaussian parameters to sparse control points, our method

efficiently balances rigid and non-rigid motion components. MotionStruct4D

achieves superior performance on the ARTEMIS-DFA benchmark (PSNR: 30.68,

FVD: 769.39) while providing interpretable motion decomposition. The approach

transforms the severely ill-posed problem of single-view 4D reconstruction into a

tractable optimization task. The detailed framework and experimental validation

are presented in Chapter 5.

1.5 Thesis Outline

The remainder of this thesis presents our three proposed techniques and their com-

prehensive evaluation. Chapters 3–5 address distinct research problems and can

be read independently; they are connected by the shared theme of dynamic point

cloud representation learning rather than by architectural or data dependencies:

Chapter 2 — establishes a comprehensive taxonomy of tasks related to

dynamic point clouds, providing a thorough review of state-of-the-art ap-

proaches. The taxonomy is structured from point-level, object-level, and

video-level perspectives, offering a multifaceted analysis of the field and

contextualizing the techniques developed in subsequent chapters.

Chapter 3 — addresses high-level representation through Kinet, demon-

strating how static models can be efficiently extended for dynamic classifi-
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cation while maintaining low-cost deployment through minimal computa-

tional overhead and seamless integration.

Chapter 4 — tackles intermediate-level representation through unsuper-

vised multi-body SE(3) equivariant motion analysis, showing how annotation-

free generalization can be achieved through self-supervised learning and

geometric priors.

Chapter 5 — solves low-level representation challenges through Motion-

Struct4D, demonstrating how data-efficient 4D generation can be achieved

from minimal single-view inputs through motion structure discovery.

Chapter 6 — concludes the contributions across all three levels, discussing

how the proposed techniques address fundamental challenges in dynamic

point cloud processing, their complementarity, and future research direc-

tions.

1.6 Publications

1.6.1 Publications Directly Linked to Thesis Contributions

The primary contributions of this thesis are encapsulated in the following publi-

cations, each addressing specific aspects of dynamic point cloud representation

learning. Chapters 3–5 are based on these publications: while the core technical

content is drawn from the respective papers, each chapter has been adapted for this

thesis with expanded introductions providing additional context, transition para-

graphs linking to the broader thesis theme, and supplementary discussion where

appropriate.

1. Jia-Xing Zhong, Kaichen Zhou, Qingyong Hu, Bing Wang, Niki Trigoni,

11
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Andrew Markham: No Pain, Big Gain: Classify Dynamic Point Cloud Sequences

with Static Models by Fitting Feature-level Space-time Surfaces. Conference on

Computer Vision and Pattern Recognition 2022 (CVPR 2022)

2. Jia-Xing Zhong, Ta Ying Cheng, Yuhang He, Kai Lu, Kaichen Zhou, An-

drew Markham, Niki Trigoni: Multi-body SE(3) Equivariance for Unsupervised

Rigid Segmentation and Motion Estimation. Thirty-seventh Conference on Neural

Information Processing Systems (NeurIPS 2023)

3. Jia-Xing Zhong, Kai Lu, Jiaojiao Ye, Niki Trigoni, Andrew Markham: Mo-

tionStruct4D: Discovering Motion Structure of Gaussian Splatting for Video-to-

4D Generation. Under review

These three core contributions address the research questions outlined in Sec-

tion 1.2, providing solutions at the high-level (video classification), intermediate-

level (motion segmentation and estimation), and low-level (4D geometry recon-

struction) representations, respectively.

As first author on all of the three primary publications, I led the research direction,

technical development, and dissemination of results. The following statements

clarify my specific contributions to each work, distinguishing my role from that

of co-authors who provided valuable support through discussions, feedback, and

collaborative refinement of ideas.

Publication 1 - Kinet (CVPR 2022): As the first author, I was responsible for:

• Conceptualizing and designing the kinematics-inspired neural network ar-

chitecture

• Developing the ST-surface generalization to feature space

• Implementing the complete framework in TensorFlow (code available at

https://github.com/jx-zhong-for-academic-purpose/Kinet)
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• Designing and conducting all experiments across four datasets

• Writing the manuscript and creating all visualizations

Publication 2 - Multi-body SE(3) Equivariance (NeurIPS 2023): As the first

author, I contributed:

• Designing the part-level SE(3)-equivariant architecture

• Developing the unsupervised training strategy

• Implementing the complete pipeline in PyTorch (code available at https:

//github.com/jx-zhong-for-academic-purpose/Multibody_

SE3)

• Conducting experiments and ablation studies

• Writing the paper with co-authors providing feedback on experimental de-

sign

Publication 3 - MotionStruct4D (Under Review): As the first author, I was

responsible for:

• Proposing the motion structure discovery approach

• Designing the weighted dense-to-sparse optimization strategy

• Curating the benchmark dataset of 4D generation

• Implementing the complete framework

• Conducting all experiments and writing the manuscript
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1.6.2 Other Papers Published during DPhil Study in Related

Areas

In addition to the primary contributions that directly address the research chal-

lenges delineated in Section 1.2, substantial contributions have been made to sev-

eral collaborative publications. These papers focus on relevant topics but are not

directly linked to the chapters of this thesis:

4. Kaichen Zhou, Jia-Xing Zhong, Sangyun Shin, Kai Lu, Yiyuan Yang, Andrew

Markham, Niki Trigoni: DynPoint: Dynamic Neural Point For View Synthesis.

Thirty-seventh Conference on Neural Information Processing Systems (NeurIPS

2023)

5. Kai Lu, Jia-Xing Zhong, Bo Yang, Bing Wang, Andrew Markham: Learning

to Catch Reactive Objects with a Behavior Predictor. 2024 IEEE International

Conference on Robotics and Automation (ICRA 2024)

6. Qian Xie, Ta-Ying Cheng, Jia-Xing Zhong, Kaichen Zhou, Andrew Markham,

Niki Trigoni: Beyond Fusion: Modality Hallucination-based Multispectral Fu-

sion for Pedestrian Detection. IEEE/CVF Winter Conference on Applications of

Computer Vision (WACV 2024)

7. Jiaojiao Ye, Jia-Xing Zhong, Qian Xie, Yuzhou Zhou, Andrew Markham,

Niki Trigoni: DA-VLM: Data Factory with Minimal Effort Using VLMs. Under

review at International Conference on Acoustics, Speech, and Signal Processing

(ICASSP 2026)

8. Yuhang He, Shitong Xu, Jia-Xing Zhong, Sangyun Shin, Niki Trigoni, An-

drew Markham: SPEAR: Receiver-to-Receiver Acoustic Neural Warping Field.

arXiv:2406.11006
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1.7 Open-source Software Contributions

Beyond the theoretical and methodological contributions, this thesis includes sub-

stantial software engineering efforts that enable reproducibility and facilitate fu-

ture research. All implementations prioritize computational efficiency, modular-

ity, and ease of deployment.

1.7.1 Released Codebases

Kinet Framework (Chapter 3): A complete TensorFlow implementation of our

kinematics-inspired network for dynamic point cloud classification, publicly avail-

able at https://github.com/jx-zhong-for-academic-purpose/Kinet. Key features in-

clude:

• Efficient implementation of the differentiable ST-normal solver with only

3.20M parameters and 10.35G FLOPs overhead

• Training and evaluation scripts for benchmark datasets

• Comprehensive documentation with usage examples and pre-trained model

weights

• Visualization tools for Point Activation Clouds (PACs) and feature analysis

Multi-body SE(3) Framework (Chapter 4): PyTorch implementation of our un-

supervised rigid segmentation and motion estimation approach, publicly available

at https://github.com/jx-zhong-for-academic-purpose/Multibody_SE3. The code-

base provides:

• Lightweight SE(3)-equivariant feature extractor based on EPN (0.25M pa-

rameters, 0.92G FLOPs)
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• Dual-head architecture for point-level invariant segmentation and part-level

equivariant motion estimation

• Self-supervised training pipeline exploiting interrelationships among scene

flow, segmentation, and rigid transformations

• Evaluation tools for rigid segmentation metrics (AP, PQ, F1, mIoU, RI) and

motion estimation metrics (EPE3D, AccS, AccR, Outlier)

• Pre-processing scripts and data loaders for multiple formats of datasets

1.7.2 Engineering Contributions and Design Principles

The software contributions represent significant engineering effort guided by three

core principles:

Computational Efficiency: All implementations are designed for practical de-

ployment:

• Kinet adds minimal overhead (10.35G FLOPs) compared to flow-based al-

ternatives (>150G FLOPs)

• The SE(3) framework achieves state-of-the-art performance with only 0.25M

parameters

Reproducibility: Detailed specifications ensure exact replication of results:

• Complete hyperparameter configurations documented in code and appen-

dices

• Deterministic training procedures with fixed random seeds

• Standardized data preprocessing and augmentation pipelines

• Pre-trained model checkpoints for all major experiments

16
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1.7.3 Impact and Adoption

These software artifacts lower the barrier to entry for dynamic point cloud re-

search and provide practical tools for real-world deployment. The released code-

bases enable:

• Rapid prototyping of dynamic 3D perception systems for robotics applica-

tions

• Benchmarking of new methods against our established baselines

• Educational use in teaching advanced topics in 3D computer vision

• Industrial deployment in autonomous systems requiring real-time dynamic

scene understanding

The modular nature of our implementations allows researchers to leverage indi-

vidual components in their own work, amplifying the impact beyond the specific

applications demonstrated in this thesis.
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2 | Literature Review

2.1 Introduction

The rapid advancement of 3D sensing technologies, driven by continued miniatur-

ization and mass production, has fundamentally transformed how machines per-

ceive and interact with three-dimensional environments [27]. At the heart of this

transformation lies the point cloud—a fundamental data structure consisting of

discrete spatial coordinates that directly captures the raw geometric information

from 3D sensors [1]. Unlike structured representations such as images or vox-

els, point clouds preserve the inherent geometric fidelity of sensed data without

imposing artificial discretization or topology.

The deep learning revolution has brought remarkable progress to static point cloud

processing. Pioneering architectures have achieved impressive results across di-

verse tasks: shape classification methods [1, 2, 28] can now recognize complex 3D

objects with high accuracy; object detection frameworks [6–8] enable precise lo-

calization in cluttered scenes; and semantic segmentation approaches [12, 29, 30]

can parse entire environments into meaningful components. This success has been

catalyzed by the emergence of large-scale, high-quality datasets [3, 9–11] and

increasingly sophisticated neural architectures designed specifically for unstruc-

tured point data [1, 2, 28, 31].

However, a fundamental limitation persists: these methods assume static, un-

changing environments. Real-world scenarios are inherently dynamic—objects

move, scenes evolve, and temporal relationships carry critical information that

static models cannot capture [32]. This gap between static processing capabili-

ties and dynamic reality has motivated an emerging body of research addressing
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temporal point cloud understanding. Recent efforts have begun exploring various

aspects of this challenge, including action recognition [14–16, 33], motion pre-

diction [19, 20, 34], scene flow estimation [25, 35–38], and motion segmentation

[39, 40], though the field remains in its early stages compared to static processing.

Dynamic Point Cloud Sequences

Cross-level Reconstruction & Synthesis 

Video-level Tasks Point-level Tasks Object-level Tasks

Granularity Increases

Generate/Augment Data

Figure 2.1: Conceptual data flow and task hierarchy in dynamic point cloud pro-
cessing. Cross-level reconstruction and synthesis methods serve as foundational
data generators. They produce the dynamic point cloud sequences that are then
processed by task-specific approaches at three primary levels of increasing output
granularity: coarse video-level predictions, intermediate object-level analysis, and
fine-grained point-level outputs.

This chapter provides a comprehensive review of deep learning approaches for

dynamic point cloud processing. We structure this review according to the con-

ceptual relationships and data flow between different task categories, as illustrated

in Figure 2.1. At the foundation are the cross-level tasks of reconstruction and

synthesis, which serve as data generation pipelines. These methods produce or

augment the dynamic point cloud sequences that form the input for a spectrum of

analytical tasks. These subsequent tasks can be organized by their level of output

granularity, ranging from coarse, sequence-level predictions to fine-grained, per-

point analysis. This hierarchy, where granularity increases from holistic scene un-
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derstanding to detailed component analysis, reflects both the computational com-

plexity and the richness of information at each level. To contextualize the evo-

lution of techniques, Table 2.1 summarizes representative methods across levels,

their first-publication year, and the core modeling mechanism (3D CNN, graph

models, LSTM, transformers, sparse 4D CNNs, Gaussian splatting, etc.).

The remainder of this chapter is structured as follows. Section 2.2 establishes

foundational knowledge by examining various 3D data representations and their

suitability for dynamic scenarios. Section 2.3 explores video-level classification

methods that produce global predictions for entire sequences. Section 2.4 exam-

ines object-centric approaches for detection and tracking. Section 2.5 delves into

fine-grained, point-level tasks including segmentation, flow estimation, and pre-

diction. Section 2.6 covers reconstruction and synthesis methods that generate

dynamic point cloud data. Section 2.7 discusses key datasets driving progress in

the field.

2.2 Overview of 3D Data Representations

Before examining specific approaches to dynamic point cloud processing, it is

essential to understand the fundamental characteristics of different 3D data repre-

sentations. The choice of representation profoundly impacts algorithmic design,

computational efficiency, and the types of information that can be effectively pro-

cessed—considerations that become even more critical when handling temporal

data.

2.2.1 Voxel Grids

Voxel grids extend the familiar concept of 2D pixels into three dimensions, dis-

cretizing 3D space into a regular grid of volumetric elements [69]. As illustrated
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(a) Voxel Grid (b) Polygon Mesh (b) Point Cloud

Figure 2.2: Visual comparison of 3D data representations. (a) Voxel grids dis-
cretize 3D space into regular volumetric elements. (b) Polygon meshes represent
surfaces through interconnected vertices and faces. (c) Point clouds maintain un-
ordered sets of 3D coordinates directly from sensor measurements.

in Figure 2.2(a), each voxel typically stores binary occupancy information, though

richer attributes like color, density, or learned features can also be encoded.

Advantages: The regular grid structure of voxels enables direct application of

well-established 3D convolutional neural networks [70, 71], leveraging decades of

research in convolutional architectures. This regularity also simplifies many ge-

ometric operations and provides explicit volumetric representation. Recent work

has demonstrated the effectiveness of voxel-based approaches in complex tasks,

from object detection [70] to dynamic scene processing with 4D Minkowski net-

works [72].

Limitations: The primary challenge lies in memory consumption, which scales

cubically (O(N3)) with resolution. This creates a fundamental trade-off: high-

resolution grids necessary for capturing fine details quickly become computation-

ally prohibitive, while coarser grids sacrifice geometric precision. Additionally,

voxel representations inherently introduce quantization artifacts that can obscure

subtle geometric features.

Dynamic Considerations: For temporal sequences, the storage challenge is com-

pounded—each frame requires its own voxel grid, leading to potentially massive

memory requirements. While sparse representations like octrees [71] and special-
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ized libraries [48, 73] can mitigate storage for static scenes, maintaining consis-

tency in sparse structures across time when topology changes (e.g., objects enter-

ing/leaving the scene) introduces additional complexity. Recent approaches like

4D Minkowski ConvNets [48] have made progress in efficiently processing sparse

4D data, but challenges remain.

2.2.2 Polygon Meshes

Meshes represent 3D surfaces through interconnected vertices, edges, and faces

(typically triangles), providing an efficient and flexible representation for complex

geometries, as shown in Figure 2.2(b).

Advantages: Meshes excel at representing surfaces with arbitrary topology while

maintaining computational efficiency. They can capture intricate geometric de-

tails with relatively few primitives and provide well-defined surface properties

(normals, curvature, etc.). The widespread adoption in computer graphics has

led to mature rendering pipelines and extensive tool support. Recent advances in

mesh-based generation [74, 75] have further demonstrated their effectiveness for

high-quality 3D content creation.

Limitations: The irregular connectivity of meshes poses significant challenges

for deep learning. Unlike regular grids, meshes require specialized architectures

such as graph neural networks [31] or techniques from geometric deep learn-

ing. Furthermore, generating high-quality meshes from raw sensor data remains

a complex preprocessing step, often requiring sophisticated reconstruction algo-

rithms.

Dynamic Considerations: Dynamic mesh sequences present unique challenges.

When topology remains fixed (only vertex positions change), storage can be effi-

cient. However, real-world dynamics often involve topological changes—objects

23



University of Oxford Wolfson College

splitting, merging, or undergoing complex deformations. Handling such changes

consistently across time requires sophisticated tracking and remeshing strategies

[57, 58]. Recent hybrid approaches like DreamMesh4D [66] have explored com-

bining meshes with other representations for dynamic scene modeling.

2.2.3 Point Clouds

Point clouds represent 3D geometry directly from sensors like LiDAR, depth

cameras, and photogrammetric systems [1], as unordered sets of points {Pi =

(xi, yi, zi, attributesi)}Ni=1, as depicted in Figure 2.2(c).

Advantages: Point clouds offer several compelling benefits. They directly repre-

sent sensor measurements without imposing artificial structure or topology, avoid-

ing quantization artifacts. Their flexibility allows representation of complex, non-

manifold geometries that would be challenging for meshes. Additionally, they

require no complex preprocessing—raw sensor data can be processed directly.

Limitations: The unstructured nature of point clouds—lacking explicit connec-

tivity or consistent ordering—prevents direct application of standard CNNs. This

has motivated the development of specialized architectures like PointNet [1], which

uses symmetric functions to achieve permutation invariance, and subsequent im-

provements incorporating local structure [2, 28, 31]. Additionally, varying point

density and the absence of explicit surface information can complicate certain

tasks.

Dynamic Considerations: Temporal point cloud sequences amplify both ad-

vantages and challenges. Storage requirements scale linearly with the number

of points and frames, which can be substantial for dense, long sequences. The

lack of consistent point ordering across frames makes tracking individual points

challenging, necessitating sophisticated matching algorithms or learning-based
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approaches [14, 15, 18]. Scene flow estimation—computing point-wise motion

vectors—becomes computationally intensive due to the need for correspondence

estimation [25, 36–38, 76].

2.2.4 Emerging Representations

Recent advances have introduced novel representations that address limitations of

traditional approaches:

Neural Implicit Representations: Neural radiance fields (NeRFs) [77] and their

extensions to dynamic scenes [57, 58, 78] represent geometry and appearance

through continuous functions parameterized by neural networks. These methods

excel at novel view synthesis but require extensive optimization.

3D Gaussian Splatting: Recently emerged as a powerful alternative, 3D Gaus-

sian Splatting [79] represents scenes as collections of 3D Gaussians, enabling

real-time rendering while maintaining explicit structure. Extensions to dynamic

scenes [59, 60, 80] have shown promising results for 4D reconstruction and gen-

eration.

Hybrid Representations: Methods combining multiple representations leverage

complementary strengths. For instance, recent 4D generation approaches [66,

81] combine Gaussian splatting with mesh-based deformations or sparse control

points for efficient dynamic modeling.

2.2.5 Comparative Analysis for Dynamic Scenarios

Table 2.2 summarizes the key trade-offs among different representations. Each

representation offers distinct advantages and limitations:

• Voxel grids provide structural regularity ideal for convolutional processing
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Table 2.2: Comparison of 3D Data Representations for Dynamic Point Cloud
Processing

Representation Memory Processing Topology Sensor Surface Dynamic
Efficiency Regularity Flexibility Fidelity Quality Handling

Voxel Grids Low High Low Medium Medium Challenging
Polygon Meshes High Low Medium Low High Complex
Point Clouds Medium Low High High Low Moderate
Neural Implicit Low N/A High Medium High Good
Gaussian Splatting Medium Medium High Medium High Excellent

but suffer from memory scaling issues, particularly acute in 4D scenarios.

• Meshes offer efficient surface representation and excellent rendering prop-

erties but require complex handling of topological changes over time.

• Point clouds preserve raw sensor fidelity and handle arbitrary geometries

but demand specialized architectures for processing unstructured data.

• Neural implicit representations enable high-quality reconstruction but re-

quire extensive per-scene optimization.

• Gaussian splatting balances explicit structure with rendering efficiency,

showing promise for real-time dynamic applications.

The choice of representation fundamentally shapes the algorithmic approach. This

thesis focuses primarily on point cloud representations due to their direct corre-

spondence with sensor data, flexibility in representing diverse geometries, and

avoidance of preprocessing artifacts. However, we acknowledge that hybrid ap-

proaches combining multiple representations may offer advantages for specific

applications.
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2.3 Video-level Classification

Video-level classification represents the most abstract level of dynamic point cloud

understanding, where models must distill entire temporal sequences into semantic

categories. As illustrated in Figure 2.1, this task encompasses recognizing ges-

tures [17, 82], identifying actions [14–16, 33], and classifying dynamic events.

The challenge lies in effectively aggregating spatial and temporal information

while handling the irregularity of point cloud data.

2.3.1 Architectural Approaches

The evolution of video-level classification methods reflects diverse strategies for

capturing spatio-temporal patterns:

3D Convolutional Approaches: Extending successful 2D video architectures

[83, 84], MeteorNet [14] pioneered the application of 3D convolutions to point

cloud sequences. By grouping points into spatial cells and tracking their evo-

lution over time, MeteorNet performs spatio-temporal aggregation that captures

both spatial patterns and temporal dynamics. Similarly, Wang et al. [85] intro-

duced anchor-based spatio-temporal attention within 3D convolutions, allowing

the model to focus on discriminative regions across space and time. The 3DV

approach [41] further decouples motion and appearance through multi-stream ar-

chitectures, though requiring offline dynamic voxel extraction.

Specialized Spatio-Temporal Convolutions: Recognizing the unique challenges

of point cloud data, Fan et al. [15] developed Point Spatio-Temporal (PST) convo-

lutions specifically designed for irregular point data. PST-Conv aggregates infor-

mation from spatio-temporal neighborhoods while respecting the geometric struc-

ture of point clouds, achieving superior performance compared to naive extensions
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of image-based methods. Recent extensions [18] have further refined these con-

volutions for improved efficiency and accuracy.

Recurrent Architectures: Drawing inspiration from sequence modeling [86],

PointLSTM [17] adapts recurrent structures to point cloud sequences. By main-

taining hidden states that encode temporal history and combining them with cur-

rent observations, PointLSTM can capture long-range dependencies while being

memory-efficient for long sequences. The recurrent formulation also allows pro-

cessing of variable-length sequences, a practical advantage for real-world applica-

tions. SequentialPointNet [87] extends this concept with sequential feature learn-

ing modules tailored for point cloud data.

Transformer-based Methods: The success of transformers in various domains

has motivated their adaptation to dynamic point clouds. P4Transformer [16] em-

ploys self-attention mechanisms to model relationships across both spatial points

and temporal frames, while PST-Transformer [18] combines the benefits of spe-

cialized convolutions with transformer architectures. Wei et al. [42] introduced

spatial-temporal transformer blocks that efficiently capture long-range dependen-

cies. These methods excel at capturing global context but require careful design to

manage computational complexity, particularly for long sequences or dense point

clouds.

2.3.2 Critical Analysis

While these approaches have advanced the field significantly, several limitations

persist:

• Computational Overhead: Most existing methods require substantial com-

putational resources, with transformer-based approaches being particularly

demanding. This limits their deployment in resource-constrained environ-
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ments.

• Generalization Challenges: Methods trained on specific datasets often

struggle to generalize across different sensor modalities or scene types, ne-

cessitating extensive retraining.

• Temporal Resolution Trade-offs: Balancing temporal resolution with com-

putational efficiency remains challenging—higher temporal resolution im-

proves motion capture but increases computational cost quadratically.

• Limited Pre-training: Unlike image-based video understanding that ben-

efits from large-scale pre-trained models, point cloud video classification

lacks similar foundation models, limiting transfer learning opportunities.

2.4 Object-level Detection and Tracking

Moving from global sequence understanding to object-centric analysis, this sec-

tion examines methods that detect and track individual objects within dynamic

point cloud sequences. These tasks are fundamental for applications requiring

detailed understanding of specific entities, such as autonomous vehicles tracking

surrounding traffic or robotic systems monitoring manipulated objects.

2.4.1 Detection in Temporal Context

Object detection in point cloud sequences extends beyond frame-by-frame detec-

tion by exploiting temporal continuity and motion patterns. This temporal context

can significantly improve detection accuracy and robustness.

Online Detection Frameworks: Yin et al. [45] developed a graph-based frame-

work that processes point cloud streams in real-time. By modeling objects as

nodes in a spatio-temporal graph and using message passing to aggregate infor-

29



University of Oxford Wolfson College

mation across frames, their method achieves robust detection even for partially

occluded objects. The graph structure naturally handles varying numbers of ob-

jects and irregular sampling patterns.

Recurrent Detection Architectures: Huang et al. [22] integrated LSTM net-

works with 3D sparse convolutions for online object detection. The U-Net-style

architecture extracts frame-wise features, while the LSTM module maintains tem-

poral context in its hidden state. This design allows the model to leverage motion

patterns and temporal consistency for improved localization, particularly benefi-

cial for predicting future object positions in autonomous driving scenarios.

Offline Optimization with Future Frames: While online methods are crucial for

real-time applications, offline approaches can achieve superior accuracy by con-

sidering future frames. Qi et al. [47] proposed an auto-labeling framework that

processes entire sequences to generate high-quality 3D bounding boxes. By op-

timizing detections across multiple frames simultaneously, their method resolves

ambiguities that single-frame or online methods might miss.

2.4.2 Object Tracking Paradigms

Tracking extends detection by establishing correspondences across frames, re-

quiring models to handle appearance changes, occlusions, and complex motion

patterns.

Siamese Tracking Networks: SC3D [43] pioneered 3D point cloud tracking

using Siamese networks. By encoding point cloud regions into discriminative

features and comparing them across frames, SC3D generates tracking proposals

without relying on color or texture information. This approach proves particularly

robust for LiDAR data where appearance information is limited.

Point-to-Box Regression: P2B [44] reframes tracking as a point-centric regres-
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sion problem. Given a target template and search region, P2B identifies points

likely belonging to the target and regresses from these points to the bounding

box. This point-based approach naturally handles sparse data and provides inter-

pretable intermediate results.

Anchor-free Tracking: Recent advances in anchor-free detection [46] have been

adapted for tracking. By detecting object centers and regressing other attributes

directly, these methods simplify the tracking pipeline and improve efficiency. The

center-based representation also provides a natural way to associate objects across

frames.

2.4.3 Comparative Assessment

The choice between online and offline approaches depends on application require-

ments:

• Online methods enable real-time decision-making but must operate with

limited temporal context, achieving typical processing speeds of 10-20 Hz

on modern hardware.

• Offline methods achieve 15-20% higher accuracy but introduce latency,

making them suitable for tasks like dataset annotation or post-processing

analysis.

• Hybrid approaches that maintain a sliding window of frames offer a mid-

dle ground, balancing accuracy and latency for many practical applications.
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2.5 Point-level Segmentation, Scene Flow Analysis,

and Predictions

This section explores tasks requiring fine-grained, point-wise understanding of

dynamic scenes. These dense prediction tasks form the foundation for detailed

scene understanding and motion analysis.

2.5.1 Semantic Segmentation in Temporal Context

Semantic segmentation assigns category labels to each point. Extending this task

to temporal sequences requires maintaining consistency while adapting to scene

changes.

Direct Extensions of Classification Networks: Many video-level classification

architectures can be adapted for dense prediction by modifying their output lay-

ers. Networks like MeteorNet [14], PSTNet [15], and P4Transformer [16] have

demonstrated effectiveness in semantic segmentation by replacing global pooling

with point-wise predictions. This approach leverages proven architectures while

maintaining temporal consistency.

Temporal Memory Mechanisms: Duerr et al. [50] introduced temporal memory

alignment to explicitly maintain consistency across frames. By aligning features

between adjacent frames and maintaining a memory bank of past observations,

their method handles long sequences while preventing drift in predictions. This

approach proves particularly effective for scenarios with gradual scene changes.

Efficient 4D Processing: Choy et al. [48] leveraged sparse convolutions through

Minkowski Convolutional Neural Networks, enabling efficient processing of 4D

point cloud data. By operating only on occupied voxels and their temporal neigh-
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borhoods, MinkNet achieves significant computational savings while maintaining

high accuracy. This efficiency is crucial for real-time applications.

Attention-based Temporal Fusion: ASAP-Net [49] incorporates attention mech-

anisms to selectively fuse features across frames. The attentive temporal em-

bedding layer identifies relevant temporal contexts for each point, while spatial

correction ensures consistency within each frame. This selective fusion prevents

noise accumulation while preserving important temporal information.

2.5.2 Motion Segmentation

Motion segmentation partitions point clouds based on motion patterns rather than

semantic categories, typically identifying rigidly moving parts within articulated

objects or multi-body scenes. This task has seen significant advances with the

introduction of geometric priors and self-supervised learning.

Learning-based Approaches: DeepPart [51] introduced a learning-based frame-

work for mobility-based segmentation. Through iterative optimization of corre-

spondences, flow, and part assignments, DeepPart can generalize to novel object

categories by learning motion patterns rather than appearance. Recent work has

extended this to self-supervised settings [88], reducing annotation requirements.

Probabilistic Formulations: Hayden et al. [89] developed a Bayesian nonpara-

metric model that infers part structures and their motions jointly. By modeling

uncertainty in both segmentation and motion, their approach handles ambiguous

cases more robustly than deterministic methods. SLIM [52] exploits the relation-

ship between scene flow and motion segmentation for self-supervised learning in

autonomous driving scenarios.

Geometric Approaches: MultiBodySync [39] formulates motion segmentation

as a synchronization problem, leveraging geometric constraints to identify rigid
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parts. CAPTRA [90] uses canonicalization to normalize object poses before seg-

mentation, simplifying the motion patterns to be discovered. Recent work [40] in-

troduces object geometry constraints for unsupervised rigid segmentation, while

factorization-based methods [91] provide theoretical foundations for multi-body

motion analysis.

2.5.3 Scene Flow Estimation

Scene flow represents the 3D motion field of a point cloud, analogous to optical

flow in 2D but with additional depth information. Recent advances have signifi-

cantly improved both accuracy and efficiency of flow estimation.

Unsupervised Methods: Self-supervised approaches avoid the need for expen-

sive flow annotations. Methods exploiting cycle consistency [24] use the principle

that points should return to their origin when flow is applied forward and backward

as a supervisory signal. Hierarchical estimation approaches have proven partic-

ularly effective—PointPWC-Net [35] adapts the PWC-Net architecture from 2D

flow, using a coarse-to-fine hierarchy to handle large motions efficiently, while

HPLFlowNet [26] further improves efficiency through hierarchical permutohedral

lattice convolutions.

Supervised Methods: When ground-truth flow is available, supervised methods

achieve higher accuracy. FlowNet3D [25] pioneered end-to-end learning for scene

flow, introducing flow embedding layers that capture motion patterns effectively.

FLOT [36] formulates flow estimation as an optimal transport problem, a princi-

pled framework for establishing correspondences. Recent advances like FH-Net

[37] focus on preserving high-frequency details in flow estimation.

Weakly-Supervised Approaches: Recognizing the annotation burden of dense

flow labels, researchers have explored middle ground approaches. Gojcic et al.
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[53] demonstrated that using object-level annotations rather than dense flow can

achieve competitive performance while significantly reducing annotation effort.

2.5.4 Future Frame Prediction

Predicting future point cloud states is crucial for anticipatory systems in robotics

and autonomous driving. Recent advances have moved beyond simple flow-based

extrapolation to sophisticated generative models.

Flow-based Prediction: The most straightforward approach involves adding es-

timated scene flow to current points [55]. While computationally efficient, this

method assumes constant velocity and struggles with complex motion patterns.

Recurrent Prediction Models: PointRNN [19] pioneered recurrent networks for

temporal evolution modeling. SPFNet [23] combines flow estimation with tra-

jectory prediction for improved long-term forecasting. CloudLSTM [54] adapts

LSTM architectures specifically for variable point densities across frames.

Generative Approaches: CASPR [20] learns canonical representations that fac-

tor shape from motion. Compositional approaches [34] explicitly separate objects

and backgrounds for more accurate predictions. Occupancy flow methods [56]

predict through implicit representations that naturally handle topology changes.

2.5.5 Performance Comparison and Trade-offs

Different approaches excel in different scenarios:

• Accuracy vs. Efficiency: Supervised methods achieve 20-30% higher ac-

curacy but require extensive annotations. Unsupervised methods trade ac-

curacy for practical deployability.

• Temporal Consistency: Memory-based approaches maintain better consis-
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tency but struggle with sudden scene changes. Attention mechanisms offer

adaptive fusion but increase computational cost.

• Generalization: Geometric approaches generalize better across object cat-

egories but may miss subtle non-rigid motions that learning-based methods

capture.

2.6 Cross-level Reconstruction and Synthesis

Reconstruction and synthesis methods serve a unique role in the dynamic point

cloud ecosystem—they generate the data that other methods process. As illus-

trated in Figure 2.1, these approaches create dynamic point cloud representations

from various inputs, which can then be consumed by task-specific methods at dif-

ferent levels. This section examines both reconstruction (recovering complete rep-

resentations from partial observations) and synthesis (generating novel dynamic

content).

2.6.1 4D Reconstruction: From Partial to Complete

Reconstruction methods aim to recover complete 4D representations from par-

tial observations, addressing the fundamental challenge of inferring unobserved

geometry and motion.

Canonical Representations: CASPR [20] learns canonical spatio-temporal rep-

resentations that factor out motion from shape. By learning a canonical space and

deformation fields, CASPR can interpolate between observations and complete

missing data. This factorization enables reconstruction even when only sparse

temporal samples are available. RempeDynamics [21] extends this concept to hu-

man motion, incorporating physics-based priors to ensure plausible completions.
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Implicit Representations: OFlow [56] extends occupancy networks to dynamic

scenes by learning time-conditioned implicit functions. This approach elegantly

handles topology changes and provides continuous representations of evolving

geometry, enabling completion of occluded regions. Recent neural radiance field

extensions [57, 58, 92–94] have achieved impressive reconstruction results, com-

pleting unseen viewpoints and temporal gaps simultaneously.

Gaussian Splatting for Dynamics: The emergence of 3D Gaussian Splatting

has revolutionized dynamic reconstruction. Methods like Deformable 3D Gaus-

sians [59], 4DGS [60], and SC-GS [61] model motion through deformation fields

or sparse control points, achieving real-time rendering with high fidelity. These

explicit representations offer advantages in editability and enable efficient com-

pletion of missing frames.

Compositional Approaches: 4DComposition [34] learns to decompose dynamic

scenes into constituent parts and their motions. This compositional structure en-

ables intelligent completion—missing parts can be inferred from the learned part

library, while motion patterns guide temporal completion.

2.6.2 4D Synthesis: Generating Novel Dynamic Content

Synthesis methods create entirely new dynamic point cloud content, often from

limited input modalities like text, images, or single-view videos.

Score Distillation Methods: Extending DreamFusion’s SDS loss to 4D, methods

like DreamGaussian4D [62] and Consistent4D [63] synthesize dynamic Gaus-

sians using pre-trained diffusion models. These approaches generate plausible

dynamic content from text descriptions or static images. SC4D [81] introduces

sparse control for more efficient synthesis, enabling generation of longer sequences.

Multi-view Generation: Approaches leveraging multi-view diffusion models
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[95–97] generate per-frame multi-view images as intermediate representations.

SV4D [64] and STAG4D [65] extend this to video, synthesizing consistent 4D

content from single-view inputs. This two-stage approach (2D generation fol-

lowed by 3D lifting) leverages powerful 2D priors for enhanced quality.

Hybrid Representations: DreamMesh4D [66] combines sparse control Gaus-

sians with mesh-surface bindings for physically plausible motion synthesis. L4GM

[67] learns generative models for 4D content, enabling synthesis of diverse dy-

namic scenes. Efficient4D [68] focuses on optimization efficiency, making syn-

thesis practical for resource-constrained applications.

Motion Structure Awareness: Recent work emphasizes understanding motion

structure for robust synthesis. Methods decomposing scenes into rigid parts or

learning motion priors achieve better generalization across viewpoints. This struc-

tural understanding enables more controllable generation—users can specify mo-

tion patterns while the system synthesizes appropriate geometry.

2.6.3 The Reconstruction-Synthesis Continuum

Reconstruction and synthesis exist on a continuum rather than as distinct cate-

gories:

• Completion tasks (partial reconstruction) fill in missing data while preserv-

ing observed information.

• Enhancement tasks improve quality or resolution of existing dynamic point

clouds.

• Transfer tasks apply motion from one object to another, blending recon-

struction and synthesis.

• Generation tasks (pure synthesis) create entirely novel content from mini-

38



University of Oxford Wolfson College

mal constraints.

These generated dynamic point clouds then serve as inputs for the task-specific

methods discussed in previous sections, creating a complete ecosystem for dy-

namic 3D understanding.

2.7 Datasets Driving Progress

The advancement of dynamic point cloud processing has been fundamentally en-

abled by the availability of diverse, high-quality datasets. These datasets not only

provide training data but also establish benchmarks that drive algorithmic innova-

tion. This section examines key datasets across different application domains.

Table 2.3: Representative Datasets for Dynamic Point Cloud Processing

Dataset Modality Annotation Primary Task
Action/Gesture Recognition

MSRAction-3D [98] Depth Action labels Action recognition
NvGesture [99] RGB-D Gesture labels Gesture recognition
SHREC’17 [100] Depth Hand bbox Hand gesture
NTU RGB+D [101] RGB-D Action labels Action understanding
NTU RGB+D 120 [102] RGB-D Action labels Large-scale action understanding

Autonomous Driving
KITTI [103] LiDAR 3D boxes Detection/tracking
nuScenes [5] LiDAR+RGB 3D boxes Detection/tracking
Waymo Open [46] LiDAR 3D boxes Detection/tracking
SemanticKITTI [10] LiDAR Point labels Segmentation
KITTI-SF [104] LiDAR Scene flow Flow estimation

Indoor Scenes
ScanNet [9] RGB-D Instance seg. Scene understanding
S3DIS [9] RGB-D Point labels Segmentation

Synthetic/Specialized
ShapeNet [3] Mesh Part labels Shape analysis
PartNet [4] Mesh Hierarchical parts Part segmentation
SAPIEN [105] Synthetic 3D modalities Part motion Articulated objects tasks
FlyingThings3D [106] Synthetic 3D modalities Scene flow Flow estimation

2.7.1 Dataset Characteristics and Challenges

Table 2.3 summarizes representative datasets across different domains. Several

observations emerge:
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Scale and Diversity: Dataset sizes vary dramatically, from hundreds of sequences

(KITTI-SF) to millions of frames (ScanNet). This variation reflects different

trade-offs between annotation quality and quantity. Large-scale datasets enable

deep learning but often have coarser annotations, while smaller datasets provide

richer labels but may limit model generalization.

Annotation Complexity: The annotation burden increases significantly from

frame-level labels (action recognition) to point-level labels (segmentation) to dense

correspondences (scene flow). This hierarchy influences method development—tasks

with expensive annotations often motivate unsupervised or weakly-supervised ap-

proaches.

Sensor Modalities: Different sensors provide complementary information: RGB

cameras offer appearance, depth sensors provide geometry, and LiDAR captures

precise 3D structure. Multi-modal datasets enable fusion approaches but introduce

calibration and synchronization challenges.

Real vs. Synthetic: Synthetic datasets (FlyingThings3D, SAPIEN) offer perfect

ground truth and controllable conditions but may not capture real-world complex-

ity. Real datasets provide ecological validity but suffer from annotation noise and

limited diversity. The sim-to-real gap remains a significant challenge.

2.7.2 Emerging Dataset Needs

Despite the richness of existing datasets, several gaps persist:

• Long-term Sequences: Most datasets contain short clips (seconds to min-

utes). Understanding long-term dynamics requires datasets spanning hours

or days.

• Dense Temporal Sampling: Higher frame rates would enable better mo-
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tion analysis but increase storage and annotation costs.

• Cross-domain Datasets: Datasets spanning multiple environments (indoor/outdoor,

aerial/ground) would improve generalization.

• Dynamic Annotations: Beyond static labels, annotations capturing motion

patterns, deformations, and interactions would enable richer understanding.

• Multi-scale Datasets: Combining macro-scale scene dynamics with micro-

scale object deformations requires multi-resolution capture.

2.8 Emerging Trends: Foundation Models, World

Models, and Large-scale 3D Learning

Since the development of the methods presented in this thesis, the broader land-

scape of 3D understanding has undergone rapid evolution. Several emerging

trends are reshaping the field and provide important context for situating our con-

tributions.

2.8.1 3D Foundation Models and Large-scale Pre-training

The success of foundation models in natural language processing and 2D vi-

sion has inspired analogous efforts in 3D understanding. Point-BERT [107] and

Point-MAE [108] introduced masked autoencoding for point cloud pre-training,

demonstrating that self-supervised pre-training on large 3D datasets can yield

transferable representations. More recent models such as Uni3D [109] and Point-

GPT [110] have scaled this paradigm further, leveraging cross-modal alignment

with language and image encoders to build unified 3D representations. Recent

comprehensive surveys [111] highlight an explicit convergence of large-scale self-
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supervised learning, geometric deep learning, and multimodal integration, culmi-

nating in architectures that bridge unstructured 3D data with large language mod-

els. OpenScene [112] and LERF [113] connect 3D scenes with open-vocabulary

language features, enabling zero-shot 3D understanding.

Despite these rapid advancements, foundation models primarily target static 3D

understanding. Extending them to dynamic point cloud sequences remains an

open challenge: the temporal dimension introduces combinatorial complexity

in pre-training objectives, and large-scale dynamic 3D datasets with sufficient

diversity are still scarce. Our contributions are complementary to this trend:

Kinet (Chapter 3) demonstrates that lightweight temporal extensions can effi-

ciently adapt static backbones—potentially including pre-trained foundation models—

to dynamic tasks without the computational overhead of training 4D models from

scratch, while the SE(3)-equivariant framework (Chapter 4) shows that geometric

priors can achieve strong generalisation even without large-scale pre-training.

2.8.2 World Models for 3D Perception and Generation

World models [114] that learn predictive representations of environment dynamics

have gained significant traction, transitioning from simple 2D predictive models

to rich representations of 3D and 4D environments [115]. In the context of au-

tonomous driving and robotics, methods such as GAIA-1 [116], OccWorld [117],

and DriveDreamer [118] learn to predict future 3D occupancy or sensor obser-

vations, effectively modelling the dynamics of the world through Video-based

(VideoGen), Occupancy-based (OccGen), and LiDAR-based (LiDARGen) gener-

ation. Furthermore, breakthrough systems like Genie [119] illustrate the shift to-

ward interactive foundation world models capable of simulating complex, playable

3D environments from minimal prompts.
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These approaches share a conceptual connection with our work: both aim to cap-

ture temporal evolution in 3D environments. However, world models typically

operate at a holistic, macro-level with implicit representations and require stag-

gering computational resources. In contrast, our methods provide fine-grained,

explicit, and interpretable representations at different granularities (semantic la-

bels, rigid-part masks, or 4D Gaussian fields), offering precise geometric controls

that macro-level world models often lack.

2.8.3 Data-centric Approaches and Large-scale Training

The availability of large-scale 3D datasets has been a key driver of progress,

shifting the community toward data-centric 3D learning. Repositories like Obja-

verse [120] and its successor Objaverse-XL [121] provide millions of 3D objects,

enabling data-driven approaches at unprecedented scale. More recently, the field

has increasingly relied on Generative AI and synthetic data pipelines to automat-

ically generate high-quality annotated 3D data, directly mitigating the persistent

data scarcity challenge in 3D learning. End-to-end 3D learning frameworks are

also emerging to process unbounded datasets for real-time downstream applica-

tions.

For dynamic temporal scenes, however, high-quality human-annotated datasets

remain challenging and expensive to acquire, which strongly motivates the self-

supervised and data-efficient approaches developed in this thesis. By effectively

extracting motion and structure without relying on massive exhaustive annota-

tions, our methods align with the goals of data-centric AI by maximizing the util-

ity of available data. Furthermore, our ARTEMIS-DFA benchmark (Chapter 5)

contributes to addressing the data gap for rigorous 4D generation evaluation.
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2.8.4 Geometry in Generative Systems

Recent advances in 3D and 4D generative models have blurred the boundary be-

tween reconstruction and generation. Methods leveraging diffusion models for

3D generation [95, 96, 122] and their extensions to 4D [62, 64, 65] demonstrate

that generative priors can compensate for limited observations. MotionStruct4D

(Chapter 5) builds on this paradigm while introducing explicit motion structure

awareness, which existing generative approaches lack. The integration of struc-

tured motion priors with powerful generative models represents a promising di-

rection for future work.

2.8.5 Positioning and Justification of This Thesis

In light of these emerging trends and the rapid proliferation of large-scale vision

and learning models, the contributions of this thesis are not only highly relevant

but necessary to address the fundamental limitations of scaled-up “black-box”

approaches. Our work is justified from four critical perspectives:

First, computational efficiency and adaptability continue to be paramount. Even

as 3D foundation models grow exponentially larger, lightweight task-specific adap-

tations (as demonstrated by Kinet in Chapter 3) are essential for deploying these

powerful representations to dynamic tasks in resource-constrained, real-time robotics

platforms. Our approach allows existing frozen backbones to process temporal

streams without incurring the prohibitive costs of full-time 4D retraining.

Second, against the backdrop of massive data scaling, geometric and physical

priors provide indispensable inductive biases. Our SE(3)-equivariant framework

(Chapter 4) achieves robust generalisation from limited data precisely because it

explicitly encodes the structure of rigid motion. Unlike massive world models

that must implicitly memorize physical laws from massive datasets, our methods

44



University of Oxford Wolfson College

guarantee geometric consistencies by design.

Third, self-supervised learning paradigms remain critical. While synthetic 3D

generation capability is expanding, acquiring varied, reliable, and perfectly aligned

temporal 4D annotations natively is unscalable. The unsupervised nature of the

techniques developed in Chapter 4 demonstrates how structured formulations can

overcome data scarcity in dynamic 3D contexts autonomously.

Finally, explicit interpretability and structural control distinguish our work from

implicit generative or world models. While massive world models can macro-

scopically simulate entire environments, they often lack fine-grained, physically-

grounded control over internal components. The explicit motion structure models

presented in this thesis (Chapter 5) provide the interpretability, disentanglement,

and precise controllability potentially required for reliable downstream applica-

tions in autonomous driving and robotic manipulation.

2.9 Summary and Relation to Research Questions

This comprehensive review reveals both the substantial progress and significant

gaps in dynamic point cloud processing. The field has evolved from simple exten-

sions of static methods to sophisticated approaches that explicitly model temporal

relationships, motion patterns, and dynamic scene structure. Recent advances in

representation learning, geometric deep learning, and generative modeling have

opened new possibilities for understanding and synthesizing dynamic 3D content.

Through our systematic analysis, several critical observations emerge:

Representation Trade-offs: The choice of 3D representation fundamentally con-

strains algorithmic possibilities. While point clouds offer direct sensor correspon-

dence and flexibility, they require specialized architectures. The emergence of
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hybrid representations suggests that future methods may adaptively combine mul-

tiple representations based on task requirements.

Task Hierarchy: The organization from video-level to point-level tasks reveals

increasing computational complexity but also richer information extraction. While

methods operating at different levels could in principle be combined, in practice

they address distinct problems with different input requirements and evaluation

criteria.

The Generation-Processing Cycle: Reconstruction and synthesis methods create

dynamic point clouds that feed into task-specific processing, which in turn can

guide better generation. This cyclical relationship suggests opportunities for joint

optimization across generation and understanding tasks.

Data-Driven Progress: The availability of large-scale datasets has been crucial

for advancing the field. However, the annotation burden for dynamic data remains

a bottleneck, motivating continued research in unsupervised and self-supervised

methods.

Key insights from this review directly motivate the research questions addressed

in this thesis:

High-level Representation (Chapter 3): While methods like MeteorNet [14],

P4Transformer [16], and recent transformer variants [42] advance dynamic clas-

sification, they often require training from scratch or significant architectural mod-

ifications. The computational overhead (often 10-100× that of static models) and

lack of pre-trained foundation models limit practical deployment. The success of

2D video analysis techniques [123–126] in leveraging pre-trained models suggests

similar opportunities for point clouds. This motivates our development of Kinet

[33], which enables practitioners to extend existing static models for dynamic

tasks with minimal modifications, addressing the practical need for efficient adap-

46



University of Oxford Wolfson College

tation of pre-trained models.

Intermediate-level Representation (Chapter 4): Current motion segmentation

approaches range from supervised methods like DeepPart [51] requiring exten-

sive part-level annotations to complex optimization procedures in MultiBodySync

[39]. Recent unsupervised methods [40] show promise but still require careful

tuning and struggle with generalization. The emergence of SE(3)-equivariant net-

works [127, 128] and their recent application to 3D tasks [129, 130] suggests op-

portunities for more generalizable approaches. Our SE(3)-equivariant framework

addresses this by enabling unsupervised learning of rigid segmentation and mo-

tion estimation, dramatically reducing annotation requirements while maintaining

competitive performance across diverse object categories [131].

Low-level Representation (Chapter 5): The rapid progress in 4D generation,

from early implicit methods [20, 56] to recent Gaussian-based approaches [62, 66,

81], demonstrates the potential for creating dynamic 3D content. However, exist-

ing methods typically assume multi-view observations or specific capture setups,

limiting their practical applicability. The challenge of generating complete 4D

representations from minimal inputs—particularly single monocular videos—remains

largely unsolved. MotionStruct4D addresses this challenging scenario by discov-

ering motion structures that enable robust 4D generation from minimal inputs,

pushing the boundaries of what can be reconstructed from limited observations.

The progression from high-level to low-level representations reflects not only in-

creasing granularity of analysis but also the evolution of the field itself. As funda-

mental capabilities mature, research attention shifts toward more nuanced under-

standing and generation of dynamic 3D content. This thesis contributes to three

distinct aspects of this broad landscape, providing both theoretical insights and

practical solutions for dynamic point cloud processing. By addressing the specific
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challenges at each level—low-cost deployment at the high level, annotation-free

generalization at the mid level, and data efficiency at the low level—while main-

taining high quality throughout, our work advances the overarching goal of en-

abling machines to understand and interact with dynamic 3D environments. These

three contributions are largely independent in their technical design and should be

understood as addressing complementary facets of a multifaceted problem rather

than as tightly coupled layers of a single system.
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3 | High-level Representation Learning: Ex-

tending Static Models for Dynamic Point

Cloud Classification

Having established the theoretical and methodological background in Chapter 2,

the following three chapters present our contributions at progressively finer levels

of abstraction. This chapter addresses the highest level—semantic classification

of dynamic point cloud sequences—where the primary challenge is deploying

temporal models at low computational cost. As the literature review highlighted,

existing dynamic classification methods typically require training from scratch

or significant architectural modifications, incurring computational overheads that

are much larger than those of their static counterparts. We propose Kinet, a

kinematics-inspired framework that seamlessly extends mature static backbones

to dynamic recognition, with only minor structural changes and low computing

overhead.

3.1 Abstract

Scene flow is a powerful tool for capturing the motion field of 3D point clouds.

However, it is difficult to directly apply flow-based models to dynamic point cloud

classification since the unstructured points make it hard or even impossible to ef-

ficiently and effectively trace point-wise correspondences. To capture 3D motions

without explicitly tracking correspondences, we propose a kinematics-inspired

neural network (Kinet) by generalizing the kinematic concept of ST-surfaces to

the feature space. By unrolling the normal solver of ST-surfaces in the feature

space, Kinet implicitly encodes feature-level dynamics and benefits from the use
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of mature backbones for static point cloud processing. With only minor changes

in network structures and low computing overhead, it is straightforward to jointly

train and deploy our framework with a given static model. Experiments on NvGes-

ture, SHREC’17, MSRAction-3D, and NTU-RGBD demonstrate its efficiency in

terms of parameters and computational complexity, as well as versatility to var-

ious static backbones. The code is available at https://github.com/jx-zhong-for-

academic-purpose/Kinet.

3.2 Introduction

Due to continued miniaturization and mass production, 3D sensors are becom-

ing less esoteric and increasingly prevalent in geometric perception tasks. These

sensors typically represent scene geometry through a point cloud, which is an un-

ordered and irregular data structure consisting of distinct spatial 3D coordinates.

As a fundamental problem in point cloud understanding, classification of static

scenes [9, 12, 29] or objects [1, 3, 132] has witnessed rapid advances over the

past few years. Whilst impressive, these techniques do not directly account for

the fact that the real 3D world is also changing, through egocentric and/or allo-

centric motion. To better understand our time-varying world, a handful of recent

works [14–17, 19, 42, 82] have been applied to dynamic point cloud classification,

a task in which the model is required to output a video-level category for a given

sequence of 3D point clouds.

As a natural extension of 2D optical flow, 3D scene flow captures the motion

field of point clouds. Based on optical flow, two-stream networks [133–137] have

already proven to be successful in image-based video classification. Hence, it

should be a natural choice to classify dynamic point clouds with the help of scene

flow. However, to the best of our knowledge, scene flow has not been utilized in

50

https://github.com/jx-zhong-for-academic-purpose/Kinet
https://github.com/jx-zhong-for-academic-purpose/Kinet


University of Oxford Wolfson College

point cloud sequences despite the prevalence of mature scene flow estimators [24–

26, 35, 36, 53, 138, 139].

What then hampers us from applying scene flow to dynamic point cloud classifica-

tion? Although scene flow is a powerful tool, it is difficult to estimate it efficiently

and effectively from sequential point clouds - the computation of 3D scene flow

has higher time expenditure, larger memory consumption, and lower accuracy

than that of 2D optical flow. These challenges are mainly caused by the irregular

and unordered nature of dynamic point clouds. This unstructured nature makes it

difficult to track the point-wise correspondences of the moving point sets across

different frames.

Why not extract dynamic information without explicitly finding the point-wise cor-

respondences? If this were possible, it would allow us to draw benefits from

inferring motion representations without incurring a high scene flow estimation

cost. Similar to the advantages seen in two-stream networks in image-based mod-

els, we would be able to preserve the benefit of mature static solutions in infer-

ence and training, such as well-benchmarked network architectures, transferable

pre-trained weights, and ready-to-use source code. At the same time, the com-

putationally intensive scene flow estimation could be avoided, with only minor

network modification and low computational overhead.

For this purpose, we get inspiration from kinematics and propose a neural net-

work (Kinet) to bypass direct scene flow estimation by generalizing the kinematic

concept of space-time surfaces [140] (ST-surfaces) from the physical domain of

point clouds to the feature space. In this way, normal vectors w.r.t. these ST-

surfaces (ST-normals) establish the representation field of dynamic information

as shown in Figure 3.1b. Thus, motions are implicitly represented by feature-level

ST-surfaces without explicitly computing point-wise correspondences. Inspired by
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(a) Flow-based two-stream framework.

Static Model (Spatial)

Kinematic Learning Unit

Dynamic Learning Model (Temporal)

Aggregation

Point Cloud Sequence

ST-normal Estimation

Feature-level 

ST-surface

(b) Kinematic-guided two-stream framework.

Figure 3.1: Comparison between the flow-based framework and ours. With nei-
ther explicit point-wise correspondence estimation nor the stand-alone temporal
branch, our framework is lightweight and efficient.

iterative normal refinement [141], we unroll the solver for ST-normals and make it

jointly trainable alongside the static model in an end-to-end manner. Inheriting in-

termediate features from static network layers, Kinet is lightweight in parameters

and efficient in computational complexity, compared with the vanilla flow-based

framework depicted in Figure 3.1a which requires extra scene flow estimation and

the independent temporal branch.

How our approach differs at a glance? Figure 3.1 contrasts the conventional

flow-guided two-stream design with our kinematic-guided alternative. In the flow-

based pipeline (Fig. 3.1a), one must first estimate dense 3D scene flow between

consecutive frames and then feed the result into a dedicated temporal branch—incurring

substantial compute/memory and relying on point-wise correspondences that are

hard to establish for unordered, irregular points. In stark contrast, our Kinet frame-

work (Fig. 3.1b) removes both the explicit scene-flow estimator and the stand-

alone temporal branch. Instead, it reuses intermediate features from a mature

static backbone and implicitly encodes dynamics by fitting feature-level space–time

(ST) surfaces and their normals. The temporal signal is produced by stacked kine-

matic learning units that unroll a differentiable ST-normal solver; the final predic-

tion simply aggregates this temporal representation with the spatial stream. This

design preserves the benefits of static models (architecture, pretraining, codebase),
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avoids point correspondence tracking, and adds only minor parameter/FLOP over-

head.

Experiments are conducted on four datasets (NvGesture [99], SHREC’17 [100],

MSRAction-3D [98] and NTU-RGBD [101]) for two tasks (gesture recognition and

action classification) with three typical static backbones (MLP-based PointNet++

[28], graph-based DGCNN [31] and convolution-based SpiderCNN [142]). No-

ticeably, 1) in gesture recognition, our framework outperforms humans for the

first time with the accuracy of 89.1% on NvGesture; 2) in action classification, it

achieves a new record of 93.27% on 24-frame MSRAction-3D with only 3.20M

parameters and 10.35G FLOPs.

In summary, our main contribution is as follows:

• By introducing Kinet, we decouple temporal information from spatial fea-

tures, thereby easily extending static backbones to dynamic recognition and

entirely preserving the merits of these mature backbones.

• Without tracking point-wise correspondences, we encode point cloud dy-

namics by unrolling the ST-normal solver in the feature space. This method

is jointly trainable alongside the static model, with minor structural changes

and low computing overhead.

• Extensive experiments on various datasets, tasks and static backbones show

its efficiency in terms of parameters and computational complexity, as well

as versatility to various static backbones. The code is available at https://github.com/jx-

zhong-for-academic-purpose/Kinet.
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3.3 Related Work

Deep Learning on Static Point Clouds. Recently, deep learning on 3D point

clouds has attracted increased attention [27], with substantial progress achieved

in several fields including shape classification [1–4], object detection [5–8] and

scene segmentation [9–13]. This can be mainly attributed to the availability of

various high-quality datasets [9, 10, 143] and sophisticated neural architectures [1,

2, 28, 144]. From the perspective of scene representations, existing works can be

roughly divided into 1) Voxel-based methods [69–73], 2) Projection-based meth-

ods [145, 146], 3) Point-based methods [1, 2, 28, 30, 31, 142], and 4) Hybrid

methods [132, 147, 148]. Based on the well-developed static classification mod-

els, we attempt to apply them to dynamic point cloud recognition with minor

structural surgery and low computational overhead.

Deep Learning on Dynamic Point Clouds. A handful of recent works have ex-

plored dynamic problems on point clouds, such as recognition [14–17, 42], detec-

tion [22, 45, 47], tracking [43, 44], prediction [20, 21, 23, 34, 56] and scene flow

estimation [24–26, 35, 36, 53, 138, 139]. Existing works on sequence classifica-

tion are based on convolutional [14, 14, 82], recurrent [17], self-attentional [16,

42], or multi-stream neural networks [41]. As a convolutional framework, Me-

teorNet [14] modeled point cloud dynamics via spatio-temporal neighbor aggre-

gations [14]. Likewise, PSTNet [15] applied point spatio-temporal convolutions

to capture information along the time dimension and the space domain. Derived

from recurrent networks, PointLSTM [17] updated the hidden states with the com-

bination of past and current features. Fan et al. [16] and Wei et al. [42] adopted

self-attentional structures along with the popularity of video transformers [149].

By extracting the offline dynamic voxel, 3DV [41] encoded motions and appear-

ances through multiple streams. Our Kinet shares the same idea of decoupling
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spatial and temporal information as 3DV, but the presented framework requires

neither the offline motion extraction nor the extra stand-alone temporal stream.

Flow-guided Classifiers for Image-based Videos. We obtain inspiration from

the similar idea of encoding optical flow information into deep representations

for image-based video classification [123–126, 150, 151]. By subtracting feature

maps along the temporal axis, OFF [123], STM [125] and PAN [126] robustly

imitated optical-flow calculations. Similarly, Piergiovanni & Ryoo [152] and Fan

et al. [153] mimicked TV-L1 optical flow iterations [154] inside network layers.

Heeseung et al. [151] introduced correlations to continuous feature maps. For the

purpose of acceleration, temporal shift modules [124] or spatial shift filters [150]

were utilized to model multi-frame interactions. The above methods rely on fea-

ture maps retaining spatial correspondences of regular pixels in images, whereas

features of irregular point clouds usually cannot manifest point-wise correspon-

dences across frames. Consequently, all of the aforementioned feature-level oper-

ations (subtraction, shift, correlation, etc.) are ineffective for point cloud models.

To achieve the similar goal of encoding dynamics from static features, we propose

a distinct approach from them.

3.4 Methodology

Denote an input point cloud sequence with T frames as P = (P1, P2, ..., PT−1, PT ).

The tth frame Pt = {p(t)i |i = 1, 2, ...,mt − 1,mt} is a set of mt points, in which

the position of the ith point p
(t)
i is specified by its spatial coordinates x

(t)
i =

(x
(t)
i , y

(t)
i , z

(t)
i ) ∈ R3. The goal of dynamic point cloud classification is to out-

put the sequence-level category label y for a particular input P .
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Figure 3.2: 2D local ST-surface and its normal. Scene flow (darkgray arrows) lies
on ST-surface S

(t)
i and it is orthogonal to the normal n(t)

i . This demonstrates how
motion can be implicitly encoded through surface normals.

3.4.1 Background: Kinematic ST-Surface

Our method extends the kinematic concept of ST-surfaces [140] and adopts the

solver of iterative normal refinement [141] from the 3D physical world to deep

representation learning.

Intuitively, the local ST-surface S
(t)
i ⊂ R4 centered at the point p(t)i is a surface

that fits as many as possible space-time neighbor points of p
(t)
i . Figure 3.2 il-

lustrates ST-surface of 2D dynamic point clouds within 3 frames, which can be

easily generalized to the 3D case and more frames. According to spatial kine-

matics [140], instantaneous velocity vectors always lie on the ST-surface. Equiva-

lently, for a point cloud sequence as depicted in Figure 3.2, Mitra et al. [141] point

out that local scene flow lies on the same ST-surface due to the vicinal (i.e., local

neighborhood) consistency of movements. As a result, the ST-normal n(t)
i is or-

thogonal to local scene flow1 and the field of those normals describes the motions

of sequential point clouds.

Mathematically, the space-time neighbors of p
(t)
i are a point set: N∆t

∆r(p
(t)
i ) =

{p(τ)j | |t − τ | ≤ ∆t, ||x(t)
i − x

(τ)
j || ≤ ∆r}, hereinafter referred to as N

(t)
i for

1Strictly speaking, the ST-normal n(t)
i is orthogonal to the local tangent plane of scene flow.
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simplicity. S(t)
i is specified by its tangent plane with the surface equation Ax+b =

t, of which the coefficient A ∈ R1×3 and b satisfy:

Ax
(τ)
j + b = τ, ∀p(τ)j ∈ N

(t)
i . (3.1)

In practice, Equation (3.1) may be an over-determined linear system since the

local neighbor area may be too large to reflect the instantaneous velocity. In this

case, space-time neighbors N (t)
i cannot be completely represented by coefficients

of the tangent plane and there exists no exact solution. Therefore, a least-squared

approximation is introduced to seek the optimal coefficients A∗ and b∗:

A∗, b∗ = arg min
A,b

∑
p
(τ)
j ∈N(t)

i

||Ax(τ)
j + b− τ ||2 . (3.2)

To alleviate the influence of noisy point clouds, a commonly-used objective is to

obtain the coefficients based on weighted neighbor points:

A∗
i,t, b

∗
i,t = arg min

A,b

∑
p
(τ)
j ∈N(t)

i

w
(τ)
j ||Ax

(τ)
j + b− τ ||2 , (3.3)

where w
(τ)
j is the point-wise weight of these neighbors, and we use subscripts i, t

to denote that these coefficients correspond to point i at time t.

As a solver of Equation (3.3), iterative normal refinement [141] robustly en-

codes dynamics via the normal field of ST-surfaces. This was earliest used in Dy-

namic Geometry Registration [141], a traditional method to register large-scale

moving and deforming point clouds. As shown in Figure 3.3, the basic idea is

to alternately re-compute the ST-surface S
(t)
i and its normal n(t)

i based on the

neighbors’ weights w
(τ)
j and re-weight the space-time neighbors N

(t)
i based on
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Figure 3.3: Solver of iterative normal refinement. The darkness of colors repre-
sents weights of neighbor points. The ST-surface is estimated upon the point-wise
weights, and vice versa. This iterative process refines both surface estimation and
neighbor weighting.

the estimated ST-surface S
(t)
i until convergence.

3.4.2 Kinematic Representation Learning

3.4.2.1 Framework

The vanilla flow-based framework (Figure 3.1a) explicitly extracts scene flow (or

dynamic voxels as in the case of 3DV [41]), while Kinet implicitly encodes mo-

tions with feature-level ST-surfaces. As shown in Figure 3.1b, Kinet contains

three parts: 1) a spatial branch (marked in blue) identical to common static mod-

els, 2) a temporal model comprised of stacked kinematic learning units (the violet

dotted frame), followed by 3) the final aggregation (marked in green) of spatial

and temporal results.

3.4.2.2 Kinematic Learning Unit

Typically, a learning unit for point clouds has two crucial operations, i.e., group-

ing and abstracting. The former selects the neighbors around centroids (e.g. ball

query in PointNet++), while the latter encodes the local feature from these neigh-

bors (e.g. PointNet layers in PointNet++). Figure 3.3 demonstrates that iterative
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Figure 3.4: Kinematic learning unit. As shown in the violet dotted frame of Fig-
ure 3.1b, a stack of these units comprises the temporal branch of our framework.
The alternate abstracting (red dotted frame) and grouping (green dotted frame)
unroll the ST-normal solver (Figure 3.3) in the feature space. Only the squares
are parametric operations whereas the rectangles introduce no parameters - kine-
matic learning just requires a small number of learnable parameters.
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normal refinement alternates between two similar operations: neighbor weight-

ing corresponding to grouping and normal estimation analogous to abstracting.

The original integrative normal refinement works in the non-differentiable phys-

ical space of three-dimensional point sets - we unroll its solver in a fully differ-

entiable fashion and generalize it to the high-dimensional feature space for joint

optimization in neural networks as depicted in Figure 3.4.

Assume that we obtain a series of features Fl(P ) = Fl(P1), Fl(P2), ..., Fl(PT−1), Fl(PT )

from the lth layer (marked in blue in Figure 3.4) of a certain static model F . Based

on sequential static features Fl(P ), our learning unit aims to obtain dynamic rep-

resentations by fitting feature-level ST-surfaces.

Abstracting with Normal Estimation (Red Dotted Frame in Figure 3.4) To

decrease the computational complexity, we first utilize a 1×1 convolution Dl to

reduce its dimension to c, where c is proportional to the dimension of a static

feature. For a given point p(t)i , the corresponding c−dimensional feature vector

is denoted as f (t)i ∈ Rc. Similar to the physical space, the tangent hyper-plane of

ST-surfaces in the feature space is specified by its surface equation Af + b = t,

where the coefficients A and b satisfy:

Af
(τ)
j + b = τ, ∀p(τ)j ∈ N

(t)
i . (3.4)

Likewise, time-varying changes of those static features lie on the corresponding

ST-(hyper)surface in the representation space. The vector field of normals w.r.t.

such feature-level ST-surfaces orthogonally describes the dynamic information

based on static representations.

The equation of ST-surfaces in the 3D physical space is usually over-determined

(|N (t)
i | > 3), whereas it is not the case in the c−dimensional feature space (|N (t)

i | <
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c). To ensure exact coefficient solutions in Equation 3.4, we split the point-

wise feature f (τ)j into several d−dimensional groups f (τ)j = (f
(τ)
j,1 , ..., f

(τ)
j,k , ..., f

(τ)
j,c/d)

where f
(τ)
j,k ∈ Rd specifies the kth group. For each group f

(τ)
j,k , the number of

neighbors N (t)
i is sufficiently large to solve the following weighted least-squared

approximation:

A∗
i,k,t, b

∗
i,k,t = arg min

A,b

∑
p
(τ)
j ∈N(t)

i

w
(τ)
j,k ||Af

(τ)
j,k + b− τ ||2 , (3.5)

where w
(τ)
j,k is the point-wise weight of each neighbor, and we denote the coef-

ficients with subscripts i, k, t to indicate they correspond to point i, group k, at

time t. The vanilla iterative normal refinement leverages weighted-PCA [155] to

solve the normals, which is unfriendly to back-propagation [156]. To this end, we

attempt to directly fit this equation via its closed-form least-squared solution:

[AT∗
i,k,t, b

∗
i,k,t] = (F

(t)T
i,k W

(t)
i,kF

(t)
i,k )

−1F
(t)T
i,k W

(t)
i,k τττ

(t)
i,k , (3.6)

where the weight matrix W
(t)
i,k = diag(w

(τ)
1,k , ..., w

(τ)

|N(t)
i |,k

) ∈ R|N(t)
i |×|N(t)

i |, the fea-

ture matrix F
(t)
i,k = [(f1,k, 1), .., (f|N(t)

i |,k, 1)] ∈ R|N(t)
i |×(d+1) and the time vector

τττ
(t)
i,k ∈ R|N(t)

i |. The normal vector is as follows:

n
(t)
i,k =

(AT∗
i,k,t,−1)

||(AT∗
i,k,t,−1)||

, (3.7)

where || · || is the ℓ2-norm. The concatenated normals n(t)
i = concat(n

(t)
i,1, ..,n

(t)
j, c

d
)

are fed into a 1×1 convolution Cl to obtain the dl−dimensional abstracted dy-

namic feature Cl(n
(t)
i ). After the dimension alignment with another 1×1 convo-

lution Rl, the feature is forwarded to the next layer via a residual connection.
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Figure 3.5: Box-whisker plots of temporal-stream performance on validation set
of NvGesture under different hyper-settings. The x-axis is the value of hyper-
parameters, while y-axis is the validation accuracy (%). The boxes show quartiles
with median lines, and whiskers extend to extreme values.

Grouping with Weighted Neighbors (Green Dotted Frame in Figure 3.4) For

each neighbor p(τ)j , we compute its weight w(τ)
j,k for better point-wise representa-

tions in the lth layer. Inspired by iterative normal refinement, we feed the channel-

wise fitting deviation (a.k.a. residual) from the (l − 1)th layer into a 1×1 convo-

lution Hk
l−1 activated by sigmoid to obtain the neighbor weights within [0, 1]:

w
(t)
j,k = Hk

l−1(dl−1(p
(τ)
j )) , (3.8)

where dl−1(p
(τ)
j ) is the vector of fitting deviations in the (l−1)th layer. In the first

layer, w(t)
j,k is set to 1 for all of the neighbors.
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3.4.2.3 Aggregation

In the last layer, we leverage the dynamic features to obtain softmax classifica-

tion scores of a point cloud sequence. The spatial and temporal stream is respec-

tively optimized through a cross-entropy loss in the training stage. During the

testing phase, category predictions from the static model and the temporal stream

are averaged as the final outputs. Since all the operations of kinematic represen-

tation learning are differentiable, it can be seamlessly plugged into a wide range

of static neural architectures with minor structural surgery.

3.5 Experiments

To evaluate the performance of Kinet, we conduct experiments on three datasets

(NvGesture [99], SHREC’17 [100], MSRAction-3D [98] and NTU-RGBD [101])

for gesture recognition or action classification. The proposed framework is imple-

mented with TensorFlow [157]. All experiments are conducted on the NVIDIA

DGX-1 stations with Tesla V100 GPUs. In most experiments, PointNet++ [28] is

adopted as the static backbone in Kinet. For a fair comparison, we follow the iden-

tical settings of network layers to [82]. The other backbones are mainly chosen to

evaluate Kinet’s versatility. If not specified explicitly, we keep hyper-parameters

of the original backbone (see A.1 for more details). For training stability, we first

train the static backbone (spatial stream) until convergence and then freeze its

weights to individually optimize the dynamic branch (temporal stream). Follow-

ing [14, 15, 17], classification accuracy is the main evaluation metric and we use

default data splits for fair comparisons.
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3.5.1 NvGesture: Hyper-settings & Ablations

NvGesture consists of 1532 (1050 for training and 482 for testing) videos com-

posed of 25 classes. Following [17], we uniformly sample 32 frames from a video

and generate 512 points for each frame. To provide intuition behind the operation

of our framework, we first investigate the impact of various network settings and

components before we turn to further studies.

Influence of Hyper-settings. We explore the effectiveness of crucial hyper-parameters

with the 10-fold validation protocol [82]. To exclude the interference of the static

branch, we calculate the accuracy only using the classification results of the dy-

namic stream without ensembles. Box-whisker plots are utilized to analyze the

performance and the stability of hyper-settings as shown in Figure 3.5.

Feature dimensions c controls the output size of convolution Dl to reduce com-

putational overheads, as depicted in Figure 3.4, which is proportional to the di-

mension of static features. We vary the ratio from 12.5% to 100% to find a value

that makes the representations as compact as possible but informative enough. As

shown in Figure 3.5a, 50% is adequate to encode the dynamic information from

a static layer. In comparison with the standalone flow-based branch, this saves at

least half of the network parameters.

Group size d controls the dimensions in each group. Ideally, d is expected to be

sufficiently large to describe motions. However, excessively large matrices cause

inefficiency in the ST-normal solvers. By changing d from 2 to 32, we empirically

find that d = 4 properly balances the accuracy and computational overheads as

shown in Figure 3.5b.

Temporal radius ∆t controls the receptive field of our dynamic branch along the

temporal axis. It should be sufficiently small to retain details but large enough to
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model long-term interactions. It is observed that multi-frame information (∆t ≤

1) indeed improves the performance over a single frame (∆t = 0). In the search-

ing range of [0, 5], the best temporal radius ∆t is 1 as depicted in Figure 3.5c.

Spatial radius ∆r controls the receptive field in the spatial dimension. Similar

to ∆t, ∆r should have a moderate optimum. From the comparison of ∆r ∈

[0.125, 2.0] in Figure 3.5d, ∆r = 0.5 consistently has decent performance.

In the remaining experiments, we set the ratio of feature reduction as 50%, group-

wise dimensions d = 4, temporal radius ∆t = 1, and spatial radius ∆r = 0.5,

respectively.

Settings Spatial (Static) Temporal (Dynamic) Accuracy
No. Pretrain Pretrain ST-normal Weighted (%)
i. ✗ – – – 82.6
ii. ✓ – – – 84.5
iii. – ✗ ✓ ✓ 80.9
iv. – ✓ ✓ ✓ 82.4
v. ✓ ✓ ✗ ✗ 85.3
vi. ✓ ✓ ✓ ✗ 87.9
vii. ✓ ✓ ✓ ✓ 89.1

Table 3.1: Ablation studies on NvGesture. ✓/✗ means that the operation is ap-
plied/not applied to the framework, while – means that the predictions of the cor-
responding spatial/temporal stream are excluded from the evaluation. The results
of the upper/lower part is obtained from a single stream/two streams, respectively.

Ablation Studies. We conduct ablation studies on different components on the

test set of NvGesture.

Is it beneficial to pretrain on static datasets? For two-stream models of image-

based videos, it is well-known that pretraining on images significantly improves

the performance on videos [133, 136]. However, this fact has not been verified for

point cloud sequences. By pretraining the static PointNet++ on ModelNet40 [3],

we analyze the individual performance change for each branch. Table 3.1 i. &
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ii. demonstrate that the performance of spatial stream on multi-frame predictions

increases by 1.9% (from 82.6% to 84.5%), while the temporal branch using the

pretrained static features also boosts the accuracy by 1.5% as shown in Table 3.1

iii. & iv.. Obviously, both the static branch and the dynamic stream benefit from

pretraining. Based on the pretrained backbone, the fusion of two-stream results

achieves the accuracy of 89.1% since the two branches are complementary to each

other.

Is it useful to abstract with normal estimation? To evaluate the efficacy of our

abstracting operation, we remove the process of normal calculation in Figure 3.4.

Instead, the reduced feature is directly fed into the convolution Cl and aggregated

with max pooling. In this manner, all the trainable convolutions are unchanged

but the accuracy significantly drops from 89.1% to 85.3% as shown in Table 3.1

v. & vii.. By comparing ii. with v. in Table 3.1, we find that purely introducing

additional convolution parameters over the static backbone contributes only 0.8%

to the performance gain. Evidently, normal estimation is a vital component in the

abstracting operation.

Is it helpful to group with weighted neighbors? By replacing all the learnable

weights of neighbor points with the fixed value of 1.0, we train the model to

analyze the effect of weighted grouping. Table 3.1 vi. shows that the performance

decreases to 87.9%, which means the grouping operation with weighted neighbors

is capable of further improving the performance of our feature abstraction.

Comparisons. NvGesture is a multi-modality dataset and allows us to compare

our method to state-of-the-art techniques under the standard data split [99]. As

shown in Table 3.2, our approach with an accuracy of 89.1% not only outperforms

all of the existing point cloud methods, but also achieves higher performance than

those models using other modalities. It is worth mentioning that Kinet is even
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Methods Modalities Accuracy (%)
R3DCNN [99] Infrared Image 63.5
R3DCNN [99] Optical Flow 77.8
R3DCNN [99] Depth Map 80.3
PreRNN [158] Depth Map 84.4

MTUT [159] Depth Map 84.9
R3DCNN [99] RGB Frame 74.1
PreRNN [158] RGB Frame 76.5

MTUT [159] RGB Frame 81.3
PointNet++ [28] Point Cloud 63.9
FlickerNet [82] Point Cloud 86.3

PointLSTM-base [17] Point Cloud 85.9
PointLSTM-early [17] Point Cloud 87.9
PointLSTM-PSS [17] Point Cloud 87.3

PointLSTM-middle [17] Point Cloud 86.9
PointLSTM-late [17] Point Cloud 87.5

Human [99] RGB Frame 88.4
Kinet Point Cloud 89.1

Table 3.2: Quantatitve results achieved on NvGesture.

superior to the human recognition on RGB videos (88.4%) for the first time.

3.5.2 SHREC’17: Robustness to Noisy Backgrounds

SHREC’17 is comprised of 2800 videos in 28 classes for gesture recognition, of

which 70% (2960 videos) are training data and the other 30% (840 videos) are

the test set. It has two types of supervisory signals, i.e., video-level classification

labels and bounding boxes (BBox) of hand skeletons. Unlike most of the prior

works only focusing on the background-free cases, we adopt two input settings

to verify whether Kinet can capture useful movements and ignore meaningless

ones: 1) w/ BBox (Figure 3.6a) - used by a majority of existing methods for

high accuracy, based on the area inside the bounding boxes of hand skeletons

without background interference; 2) w/o BBox (Figure 3.6d) - raw videos with
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With Bounding Box (w/ BBox)

(a) Depth (b) Spatial (c) Temporal

Without Bounding Box (w/o BBox)

(d) Depth (e) Spatial (f) Temporal

Figure 3.6: Raw depth inputs, and PACs on SHREC’17. In PACs, the points in
red have the highest activation values, while the blue ones are the lowest activating
points. Top section (w/ BBox): When bounding boxes remove background noise,
both spatial and temporal streams work complementarily - the spatial branch high-
lights palms while the temporal stream captures finger and wrist movements. Bot-
tom section (w/o BBox): Without bounding boxes, the spatial stream focuses on
the large background (performer’s body) while the temporal stream successfully
captures moving parts (arms and fingers) despite some noise.

noisy backgrounds (the performer’s body).

Qualitative Analysis on Robustness. We visualize the learned point activation

clouds (PACs) [15, 82] in Figure 3.6. With bounding boxes removing noisy back-

grounds, the two streams work complementary - the static branch (Figure 3.6b)

highlights the main parts (the palms) of spatial appearances, whereas the tem-

poral representations (Figure 3.6c) capture key motions, such as the movement

of fingers and wrists. In the case with redundant backgrounds (without bound-
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Figure 3.7: Stream-wise accuracy on SHREC’17. The temporal stream shows
stronger robustness to motion-irrelevant backgrounds (with bound boxes) at only
a 0.5% accuracy drop compared to the spatial stream’s 4% drop.

ing boxes), the static stream (Figure 3.6e) excessively focuses on the large yet

useless background portions (the performer’s body), while the temporal stream

(Figure 3.6f) captures the moving parts (arms and fingers). Inevitably, the tem-

poral stream also highlights several redundant points of the performer’s shaking

head by mistake.

Quantitative Analysis on Robustness. From Figure 3.7a & 3.7b, it is observed

that the dynamic branch shows strong robustness to motion-irrelevant backgrounds,

where the accuracy slightly drops from 93.1% to 92.6%, compared with that of the

spatial stream which plunges by nearly 4%.

Comparison. As shown in Table 3.3, we compare the performance of Kinet to

existing models. With the same bounding box supervision signal, our two-stream

PointNet++ outperforms others with the accuracy of 95.2%. Noticeably, even for

the highly challenging inputs without bounding boxes, our framework boosts the

accuracy of static PointNet++ from only 86.5% to 94.1%, which is comparable to

state-of-the-art models with bounding boxes.
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Methods Modalities BBox Accuracy (%)
Key frames [100] Depth Map ✗ 71.9

SoCJ+HoHD+HoWR [160] Skeleton ✓ 81.9
Res-TCN [161] Skeleton ✓ 87.3

STA-Res-TCN [161] Skeleton ✓ 90.7
ST-GCN [162] Skeleton ✓ 87.7
DG-STA [163] Skeleton ✓ 90.7

PointLSTM-base [17] Point Cloud ✓ 87.6
PointLSTM-early [17] Point Cloud ✓ 93.5
PointLSTM-PSS [17] Point Cloud ✓ 93.1

PointLSTM-middle [17] Point Cloud ✓ 94.7
PointLSTM-late [17] Point Cloud ✓ 93.5

Kinet Point Cloud ✓ 95.2
Kinet Point Cloud ✗ 94.1

Table 3.3: Quantitative results achieved on SHREC’17.

Methods Modalities # of Frames Accuracy (%)
Vieira et al. [164] Depth Map 20 78.20
Kläser et al. [165] Depth Map 18 81.43

Actionlet [166] GroundTruth Skeleton Full 88.21
PointNet++ [28] Point Cloud 1 61.61
MeteorNet [14] Point Cloud 4 / 8 / 12 / 16 / 24 78.11 / 81.14 / 86.53 / 88.21 / 88.50

P4Transformer [16] Point Cloud 4 / 8 / 12 / 16 / 24 80.13 / 83.17 / 87.54 / 89.56 / 90.94
PSTNet [15] Point Cloud 4 / 8 / 12 / 16 / 24 81.14 / 83.50 / 87.88 / 89.90 / 91.20

Kinet Point Cloud 4 / 8 / 12 / 16 / 24 79.80 / 83.84 / 88.53 / 91.92 / 93.27

Table 3.4: Quantitative results achieved on MSRAction-3D.

3.5.3 MSRAction-3D: Different Tasks & Backbones

MSRAction-3D has 567 videos of 20 action categories. Following Fan et al. [16],

we adopt the standard data splitting protocol [14, 166] and report the average

accuracy over 10 runs.

Versatility across Static Backbones. Under the taxonomy defined in [27], three

types of backbones dominate the classification models of static point clouds:

MLP-based, convolution-based, and graph-based methods. In this chapter, we
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Figure 3.8: Comparison of FLOPs, parameter number, and accuracy on 16-frame
MSRAction-3D. Quantitative details can be found in A.2.

choose one typical static architecture for each paradigm respectively, i.e., MLP-

based PointNet++ [28], convolution-based SpiderCNN [142] and graph-based

DGCNN [31] in order to demonstrate the ease of extending these to dynamic

point cloud tasks. By grouping a video into 16-frame clips as the input unit, we

run 3 sets of experiments for each static model: 1) Directly feed videos into the

static model; 2) Fuse the static spatial model and the temporal streams; 3) Ensem-

ble classification scores from two static models, one is trained on the raw point

clouds, while the other flow-based model is trained on scene flow estimated by

Justgo [24], a self-supervised scene flow estimation tool. Apart from classification

performance, we also take memory consumption and computational complexity

into consideration. They are measured with the accuracy, the number of parame-

ters, and floating-point operations per second (FLOPs), respectively.

As illustrated in Figure 3.8, the extra input modality of estimated scene flow in

setting 3) (+Scene Flow ●) considerably improves the accuracy of the three static
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models (●) to a level comparable to the state-of-the-art. However, the scene flow

estimator and another flow-based classifier almost triple the number of parame-

ters. Even worse, the estimation of scene flow introduces more than 150G FLOPs

of extra calculations since point-wise dense predictions are required between ev-

ery two consecutive frames. For setting 2) (+Ours ●), it is observed that our

kinematic representations consistently increase the accuracy of the static predic-

tions by 5.99%∼9.04% relative gains. By utilizing the kinematic representations,

the FLOPs only increases to 5.83G∼15.29G, and the number of parameters in-

creases by 0.59M∼1.08M. These computing overheads are negligible and make

the fused model extremely lightweight. Compared with state-of-the-art dynamic

networks (●), they achieve comparable or superior performance with fewer model

parameters and lower computational complexity. Intriguingly, Kinet has higher

performance gains in higher-performance static models, possibly indicating its

limitation - the informativeness of kinematic representations is constrained by the

static features. A poor static backbone would benefit from the proposed approach,

but it cannot improve the underlying static representation.

Comparison. We compare the PointNet++-based Kinet with existing classifica-

tion models on dynamic point clouds. Following prior research [14–16], we set

the length as {4, 8, 12, 16, 24} frames (2048 points/frame) and report the mean

accuracy of 10 runs. As shown in Table 3.4, our framework shows the superi-

ority in long videos (length≥ 8) and achieves the 24-frame accuracy of 93.27%,

exceeding others by a large margin.

3.5.4 NTU-RGBD: Effectiveness on Large-scale Data

NTU-RGBD has two subsets, i.e., NTU-RGBD 60 [101] and NTU-RGBD 120 [102].

We evaluate our model on the former since it is included in more comparison re-

sults of previous research. NTU-RGBD 60 is a large-scale dataset for 3D action
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recognition, with 56880 RGBD videos of 60 action categories. The data is con-

verted into point cloud sequences with the implementation of PSTNet [15].

Comparison Following the official data partition [101], cross-subject and cross-

view scenarios are individually adopted as two splits. As shown in Table 3.5, Kinet

is superior to the others, with an accuracy of 92.3% in the cross-subject split. In

the cross-view protocol, Kinet comes a close second (with 96.4%) after 96.5% of

PSTNet.

Table 3.5: Quantitative results achieved on NTU-RGBD 60.

Methods Modalities Accuracy (%)
Cross-subject Cross-view

SkeleMotion [167] Skeleton 69.6 80.1
GCA-LSTM [168] Skeleton 74.4 82.8

Attention-LSTM [169] Skeleton 77.1 85.1
AGC-LSTM [170] Skeleton 89.2 95.0

AS-GCN [171] Skeleton 86.8 94.2
VA-fusion [172] Skeleton 89.4 95.0
2s-AGCN [173] Skeleton 88.5 95.1

DGNN [174] Skeleton 89.9 96.1
MS-G3D [175] Skeleton 91.5 96.2
HON4D [176] Depth Map 30.6 7.3

SNV [177] Depth Map 31.8 13.6
HOG2 [178] Depth Map 32.2 22.3

Li et al. [179] Depth Map 68.1 83.4
Wang et al. [180] Depth Map 87.1 84.2

MVDI [181] Depth Map 84.6 87.3
3DV-Appearance [41] Point Cloud 80.1 85.1

3DV-Motion [41] Voxel 84.5 95.4
3DV-Full [41] Point Cloud + Voxel 88.8 96.3

P4Transfomers [16] Point Cloud 90.2 96.4
PSTNet [15] Point Cloud 90.5 96.5

Kinet Point Cloud 92.3 96.4
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3.6 Conclusion

In this chapter, we propose Kinet to bridge the gap between static point cloud

models and dynamic sequences. By extending kinematic ST-surfaces to the high-

dimensional feature space and unrolling the ST-normal solver differentiably, the

presented framework gains advantages from mature static models. Without the

pain of modeling point-wise correspondences, it can be seamlessly integrated into

arbitrary static point cloud learning backbones, with only minor structural surgery

and low computing overhead. Experiments on four datasets, two tasks, and three

static networks demonstrate the efficacy of our framework in dynamic classifica-

tion, the efficiency in parameters and FLOPs, and the versatility to various static

backbones.

The reported efficiency metrics reflect Kinet’s design as a lightweight temporal

extension to existing static backbones for the specific task of sequence-level clas-

sification. In the broader multi-level framework of this thesis (Chapter 1), the

efficiency advantage pertains to the high-level classification stage alone. Were the

architecture generalised to incorporate additional capabilities—for instance, the

intermediate-level rigid segmentation and equivariant motion estimation of Chap-

ter 4, or dense geometric reconstruction—the computational requirements would

increase substantially, as each stage introduces its own parameters and operations.

A fully integrated pipeline spanning all representation levels would therefore carry

a combined computational footprint far exceeding that of any individual compo-

nent. The efficiency figures reported here should be understood in the context of

this specific, task-focused design rather than as indicative of a general-purpose

dynamic point cloud system.

Beyond architectural scope, another design dimension concerns input modality. A
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deliberate choice in this work is the exclusive use of geometric (XYZ) point cloud

data without incorporating RGB or other appearance information. This choice

was motivated by two considerations: (1) our focus on the geometric dynamics

captured by the ST-surface formulation, which operates on spatial coordinates

and their temporal evolution; and (2) the desire to evaluate the contribution of

pure geometric temporal modeling independently of appearance cues. We note

that this practice is common in the point cloud sequence classification literature—

PSTNet [15], P4Transformer [16], and PointLSTM [17] all operate on XYZ co-

ordinates alone. Nevertheless, several datasets used in our evaluation—notably

NTU-RGBD [101]—do provide colour channels alongside depth, and incorpo-

rating such multimodal inputs could improve accuracy, particularly for object-

interaction actions (e.g., “reading” vs. “writing”) where geometric motion alone

may be ambiguous. Extending Kinet to handle multimodal point cloud attributes

(e.g., RGB, normals, intensity) is therefore a natural and promising direction for

future work.

An obvious limitation is that Kinet is constrained by the performance of the static

model—a poor static baseline will not be rectified by adding our dynamic exten-

sion. Therefore, we will explore a method to self-improve static representations

in future works.
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4 | Intermediate-level Motion Analysis: Un-

supervised Rigid Segmentation and Mo-

tion Estimation

Whereas Chapter 3 addressed dynamic point cloud understanding at the seman-

tic level, this chapter turns to a different and independently motivated problem:

discovering rigid segments and estimating their 6-DoF motions in dynamic point

clouds. The two chapters share the broad theme of dynamic point cloud rep-

resentation learning but differ substantially in their technical approaches, input

assumptions, and output granularity.

4.1 Abstract

A truly generalizable approach to rigid segmentation and motion estimation is

fundamental to 3D understanding of articulated objects and moving scenes. In

view of the closely intertwined relationship between segmentation and motion es-

timates, we present an SE(3) equivariant architecture and a training strategy to

tackle this task in an unsupervised manner. Our architecture is composed of two

interconnected, lightweight heads. These heads predict segmentation masks using

point-level invariant features and estimate motion from SE(3) equivariant features,

all without the need for category information. Our training strategy is unified and

can be implemented online, which jointly optimizes the predicted segmentation

and motion by leveraging the interrelationships among scene flow, segmentation

mask, and rigid transformations. We conduct experiments on four datasets to

demonstrate the superiority of our method. The results show that our method ex-

cels in both model performance and computational efficiency, with only 0.25M
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Figure 4.1: An overview of network structure and training strategy. We feed a pair
of point clouds Pk, Pl into the SE(3) equivariant networks to obtain a pair of SE(3)
icosahedronic features. These features are then fed into the two proposed heads for
motion segmentation and invariant segmentation. The two outputs, combined with
scene flow, are used for a joint optimization that can be done in an unsupervised
manner.

parameters and 0.92G FLOPs. To the best of our knowledge, this is the first work

designed for category-agnostic part-level SE(3) equivariance in dynamic point

clouds.

4.2 Introduction

Comprehending point cloud motion is critical for various 3D vision tasks in dy-

namic scenarios, e.g., tracking, animation, simulation, and manipulation. Many

types of 3D motion can be described as a composition of multi-body rigid move-

ments, such as articulated objects [105], and vehicular traffic scenes [182]. Specif-

ically, the setting of multi-body rigid motion requires all moving parts (i.e., bod-

ies) to undergo only translation and rotation, without any type of deformation.

The process of modeling these multi-body rigid movements typically involves two

primary portions [39]: 1) the identification of distinct moving bodies (i.e., rigid

segmentation), and 2) the calculation of individual movements for each identified

body (i.e., motion estimation).

Being the first modeling portion, rigid segmentation significantly differs from tra-
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ditional semantic segmentation tasks that concentrate on category information [9–

13]. Based on multi-body motion instead of category-dependent semantics, rigid

segmentation becomes category-agnostic about moving parts as rigid bodies are

not limited to a specific set of shapes and naturally cannot be assigned certain cate-

gory labels. As regards motion estimation, individual pose variations would occur

arbitrarily, including transformations unseen in the training data. This constitutes

an open set of pose changes.

Considering the relative inaccessibility and the constrained generalizability of

manual annotations, Song and Yang [40] have proposed a seminal work for un-

supervised rigid segmentation. Nevertheless, the unsupervised paradigm remains

a formidable challenge because of the generalizable requirement in multi-body

movements and the interdependent nature between rigid segmentation and motion

estimation. Due to the aforementioned category-agnostic rigid prior and open-set

pose changes in multi-body motion, a model is required to generalize well to trans-

formations of appearance, location, and orientation. Moreover, rigid segmentation

and multi-body motion estimation are highly coupled — the calculation of move-

ments for each body is based on the output of a rigid partition, while an estimate

of multi-body motion facilitates further segmentation. In absence of precise su-

pervision, it is difficult to independently obtain effective training signals for either

rigid segmentation or motion estimation.

To tackle the difficulties of generalizability and interdependence, this chapter

presents a three-fold contribution in the form of architecture, training strategy,

and experimental evaluation:

1. Architecture. We design a part-level SE(3)-equivariant network that demon-

strates strong generalization to open-set motion and category-agnostic moving

bodies. The SE(3)-equivariance allows features of a model to keep coherence with
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the rigid transformations of point cloud inputs, thereby enhancing the model’s ro-

bustness to such spatial transformations (i.e., rigid motion) [127, 183–186] and

therefore is more generalizable for open-set pose changes of global rigid tar-

gets [187–190]. Tailing the SE(3)-equivariance is two lightweight heads for seg-

mentation and motion estimation. The former, unlike previous segmentation net-

works using global SE(3) equivariance, exhibits point-level local flexibility to

SE(3)-invariance. The latter, robustly employing the probability of part consis-

tency, utilizes part-level “softly” matching operations to handle SE(3)-equivariance

without requiring knowledge of part categories. As a result of integrating two

lightweight heads into a unified network, rather than utilizing large independent

networks, our model is characterized by a small number of parameters (0.25 M)

and low computational complexity (0.92G FLOPs). To the best of our knowledge,

this is the first work designed for category-agnostic part-level SE(3)-equivariance

in dynamic point clouds.

2. Training Strategy. We leverage the interdependence between rigid segmenta-

tion and motion estimation and present a unified training strategy to jointly opti-

mize their outputs in an online fashion. Based on our proposed two-head network,

we simultaneously filter out the noisy flow predictions and refine the estimates of

rigid motion by exploiting the interrelation among scene flow, segmentation mask,

and rigid transformation. Superior to previous arts, our online training process is

free from complicated components and manual intervention, e.g., the alternation

of Markov Chain Monte Carlo proposals and Gibbs sampling updates [191], the

offline repetition of training multiple segmentation networks from scratch [40], or

the continual optimization of an accessory neural network of flow estimation [39].

3. Experiments. Experiments on four datasets demonstrate the efficacy of our

model in performance, as well as its efficiency in parameters and computational

complexity. We conduct comprehensive experiments on four datasets (SAPIEN [105],
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Figure 4.2: Qualitative comparison of rigid segmentation on SAPIEN. Selected
examples comparing our unsupervised predictions with supervised baselines.
Even without annotations, our method produces clean part boundaries that closely
match the ground truth. An extended comparison covering a wider range of object
categories is provided in Figure 4.6; additional visualisations appear in B.5.

OGC-DR [40], OGC-DRSV [40], and KITTI-SF [104]) across three applica-

tion scenarios (articulated objects, furniture arrangements, and vehicular traffic).

Noticeably, as shown in Figure 4.4, our performance on the SAPIEN dataset

of articulated objects surpasses state-of-the-art results w.r.t. all evaluation met-

rics, achieving the relative gain of at least 14.7% AP in rigid segmentation and

at least 23.3% in motion estimation, with only 0.25M parameters and 0.92G

FLOPs. Figure 4.2 provides a qualitative preview: even without any annota-

tions, our method discovers coherent rigid parts with sharp motion boundaries

that closely match the ground truth, whereas existing methods—including super-

vised ones—often produce fragmented or noisy segmentation. The code is avail-

able at https://github.com/jx-zhong-for-academic-purpose/

Multibody_SE3.

4.3 Related Works

Deep Learning on Dynamic Point Clouds. Deep neural networks for point

cloud video modeling aim to understand our dynamic 3D surroundings. These

networks enable the resolution of several downstream tasks, such as video-level

classification [18, 32, 33, 87, 192, 192, 193], frame-level prediction [20, 34, 56],

object-level detection [5–8] or tracking [43, 44, 46], part-level mobility pars-
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ing [88, 194, 195], point-level segmentation [15, 32, 49, 192], and scene flow

estimation [37, 38, 76, 196, 197]. In contrast to the above dynamic tasks that usu-

ally assume contiguous sequential input, multi-body rigid motion may be captured

between discrete frames [39], presenting a unique challenge.

3D Motion Segmentation & Multi-body Rigid Motion. Although the system-

atic formulation of multi-body rigid motion modeling is a relatively recent devel-

opment [39], a related problem, i.e., motion segmentation, has been long sought

after. Motion segmentation aims to group points with similar motion patterns

from the input of scene flow, using such techniques as factorization [91, 198, 199],

clustering[200], graph optimization [201–203], and deep learning [52, 191, 195,

204]. However, motion segmentation does not explicitly take into account multi-

frame multi-body consistency. To address this issue, Huang et al. [39] present the

seminal fully-supervised work for modeling multi-body rigid motion. Song and

Yang [40] further attempt to predict the mask of rigid segmentation via three ob-

ject geometry losses in an unsupervised setting. Following the same unsupervised

paradigm, our approach has distinct motivations: 1) to achieve high generalizabil-

ity in the presence of low-quality training signals, and 2) to simplify the training

process through online optimization.

SE(3) Equivariant Networks for Point Clouds. Equivariant networks have

superior discriminative and expressive ability for various data structures (e.g.,

graphs [205, 206], images [207, 208]) under the transformation of some symmetry

groups. Among them, the equivariance of a Special Euclidean group (3) (SE(3))

has drawn increasing attention to 3D point cloud processing [127, 183–190]. A

vast majority of these researches focus on global, while the part-level local equiv-

ariance is under-explored. Recently, [128] has utilized part-level SE(3) equivari-

ance for supervised bounding box detection. Concurrently with our work, Lei et
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al. [129] and Feng et al. [130] apply part-level equivariance to category-specific

tasks of object segmentation and human body parsing, respectively. Differently,

we leverage part-level equivariance to the unsupervised category-agnostic prob-

lem.

4.4 Methodology

4.4.1 Background: SE(3)-equivariance/invariance & Discretiza-

tion

Given a point cloud X ∈ Rn×3 of n points and a rigid transformation T ∈ SE(3) :

Rn×3 → Rn×3, a neural network mapping inputs to a feature domain ϕ : Rn×3 →

F is defined as SE(3)-equivariant if ϕ(T ◦X) = T ◦ ϕ(X),∀T ∈ SE(3), where

◦ means performing an SE(3) transformation. Likewise, SE(3)-invariance is ex-

pressed as ϕ(T ◦ X) = ϕ(X). To reduce the computational cost of equivariant

networks, [209] discretizes the rotation space into an icosahedral group G of 60

rotational angles (|G| = 60). As a further extension, Equivariant Point Network

(EPN) [127] operates the SE(3) discretization on point clouds. For a point x ∈ R3

in the input X , the feature extractor of EPN outputs the per-point representation

f(x) ∈ R|G|×D, where D is the feature dimension. By definition, f(x) is SE(3)-

equivariant to its neighbors of the convolution kernel’s receptive field:

1) Rotation equivariance within the icosahedral group: f(g◦x) = g◦f(x), ∀g ∈ G.

2) Translation invariance w.r.t. arbitrary translation t: f(t ◦ x) = f(x).

By relaxing the strictly rotational equivariance into the equivariance w.r.t. the 60

icosahedral angles in G, EPN is proven to be robust to many downstream tasks,

such as 6D pose estimation [188], and place recognition [210]. Due to its high ro-
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bustness, we choose EPN as our SE(3) equivariant backbone of feature extraction.

In principle, our training strategy is versatile, and other networks with per-point

SE(3)-equivariant representations can also serve as its feature extractor.

4.4.2 Problem Statement

We define a set of point clouds P from K frames that are not necessarily consec-

utive as P = {P1, P2, · · · , PK−1, PK}, where each frame Pk = {pik ∈ R3|i =

1, 2, · · · , N − 1, N} contains N three-dimensional points. All frames of P repre-

sent the same target,1 which is segmented into S independently moving rigid parts.

For a given frame Pk, the point-part rigid mask is defined as Mk ∈ {0, 1}N×S .

Mis
k = 1 indicates that the point pik belongs to the sth rigid part; Mis

k = 0 indicates

that it does not. The rigid motion of the sth part between two frames (Pk, Pl) is

denoted as Ts
kl ∈ SE(3). This rigid transformation is specified by a rotation ma-

trix Rs
kl ∈ SO(3) and a translation vector tskl ∈ R3. Note that the targets in

the dataset belong to various categories, including classes possibly unseen in the

training data.

Given the point cloud set P , we aim to segment each frame Pk with rigid-part

masks Mk, and obtain part-level rigid transformation Ts
kl between frames. The

former task is called rigid segmentation, while the latter is named motion estima-

tion. In the supervised setting, ground-truth segmentation masks and rigid motions

(or scene flow) are provided in the training data. In the unsupervised formulation,

neither segmentation nor motion information is available, and our training input

solely consists of point cloud frames.

1The term “target” refers to objects, environments, or scenes associated with multi-body rigid
motion, such as articulated objects, arrangements of indoor furniture, or scenes of vehicular traffic.

83



University of Oxford Wolfson College

4.4.3 Network Architecture

As shown in Figure 4.1, our network takes a pair of point cloud frames as the input

and outputs the predictions of rigid segmentation and motion estimation. There

are three main components in the proposed framework, i.e., a feature extractor, an

invariant segmentation head, and an equivariant motion estimation head.

Per-point Feature Extractor. For an input frame Pk, the feature extractor of

EPN outputs per-point SE(3)-equivariant representations Fk ∈ RN×|G|×D, fol-

lowing the notations in Section 4.4.1 and 4.4.2. The corresponding feature f i
k ∈

R|G|×D of a point pik can be viewed as a concatenation of different representations

w.r.t. gj ∈ G over the rotation group dimension:

f i
k = [θ(pik, g1), θ(p

i
k, g2), · · · , θ(pik, g|G|−1), θ(p

i
k, g|G|)], (4.1)

where θ is a D-dimensional encoder based on a stack of convolution kernels. The

prediction module of vanilla EPN is designed for global SE(3)-equivariance for all

input points. Differently, our unsupervised multi-body task requires the model’s

ability to handle part-level local equivariance, especially under low-quality train-

ing signals. For this purpose, we further devise two heads for rigid segmentation

and motion estimation.

Point-level Invariant Segmentation Head. Rigid segmentation is an SE(3)-

invariant task, as the predicted mask should remain consistent for the same points

across various poses and positions. Traditional SE(3)-equivariant structures as-

sume that all input points undergo the same rigid transformation, which is not

in alignment with the multi-body setting. To encode distinct transformations for

individual input points, the equivariant features θ(pik, gj) are aggregated into an
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invariant representation ui
k across the dimension of the rotation group, as depicted

in Figure 4.3:

ui
k =

|G|∑
j

w(pik, gj)θ(p
i
k, gj), (4.2)

where w(pik, gj) ∈ [0, 1] is a selection probability of the discrete rotation gj

in G, derived through a 1 × 1 convolution. The weighted sum ui
k is invari-

ant to rigid motion given a point with its neighbors in the convolution receptive

field. As Figure 4.3 illustrates, by fusing such invariant representations ui
k(1) ∈

RD, · · · , ui
k(h) ∈ RD′ from h layers in the feature extractor, the segmentation

head outputs a soft prediction M̂k ∈ [0, 1]N×S of the rigid mask.

Part-level Equivariant Motion Estimation Head. Part-level SE(3)-equivariance

is desirable for motion analysis, especially rotation estimation. Based on the noisy

predictions (M̂k, M̂l) of the frames (k, l) from the head of rigid segmentation, the

motion head is supposed to handle these uncertain category-agnostic parts. Fig-

ure 4.3 demonstrates the operational scheme of our motion estimation head. First

of all, the part-level SE(3) feature Vk,j ∈ RN×D×S w.r.t. the rotation gj ∈ G of a

single frame k is obtained from the per-point equivariant representations Fk and

the predicted rigid mask M̂k:

Vk,j = {m̂1
k · θ(p1k, gj), m̂2

k · θ(p2k, gj), · · · , m̂N−1
k · θ(pN−1

k , gj), m̂
N
k · θ(pNk , gj)},

(4.3)

where m̂i
k is the element corresponding to a point pki in M̂k, and · is the broad-

cast operation of Hadamard product. Afterward, Vk,j over the rotation group G

is concatenated as Vk ∈ RN×|G|×D×S , followed by a permutation-invariant op-

eration σ : RN×|G|×D×S → R|G|×D×S (e.g., max pooling) over all the points to

produce part-level equivariant features Ṽk = σ(Vk). Between two frames (k, l),
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Figure 4.3: An overview of Segmentation and Motion heads. The invariant seg-
mentation head comprises an invariant module that sums θ(·) and w(·) to obtain
an invariant representation which is then aggregated through multiple layers to
obtain a segmentation mask. Pairs of segmentation masks M̂k, M̂l are fed into
the equivariant motion head along with per-point equivariant features Fk to obtain
correlations features for predicting the final transformations of points.

the part-level rotation correlated feature Ckl ∈ R|G|×|G|×S is defined as:

Ckl = ṼkṼ
T
l , (4.4)

where T is matrix transposition. Ckl is calculated upon “softly matching” within

each consistent rigid part, while the specific category labels can be agnostic to the

model. Based on the correlated feature Ckl, the motion head estimates rotation

R̂s
kl and translation t̂skl of each rigid part s. More implementation details can be

found in B.1.

4.4.4 Unsupervised Training Strategy

Ideally, the relation among scene flow δkl ∈ RN×3, rigid segmentation M s
k of the

sth part, and multi-body transformation Ts
kl is as follows:

Pl = Pk + δkl =
S⋃
s

{Ts
kl ◦ (M s

k ⋆ Pk)}, (4.5)
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wherein the operation of union set is denoted as
⋃

, and ⋆ signifies the removal of

a point pki if it does not belong to the rigid s. Nevertheless, their predictions T̂s
kl,

M̂k and δ̂kl may exhibit a considerable amount of interdependent noise during the

unsupervised training process. To mitigate the noise in one prediction by leverag-

ing the other two, we propose an online training strategy without interrupting the

end-to-end optimization of a network, as shown in Figure 4.1.

Cold Start & Scene Flow δ̂kl Updating. Scene flow creates a relation between

motion and segmentation. As a dense vector field that maps points to points, it

can directly assist point-level segmentation. At the same time, scene flow also

contains movement information for motion estimation. We initialize by collecting

noisy scene flow from an unsupervised flow estimator (e.g., FlowStep3D [211]),

and calculate rudimentary estimates of rigid masks and transformation by mini-

mizing the discrepancy between their derived displacement and scene flow. As

the accuracy of their estimates M̂ s
k and T̂s

kl improves, the scene flow is online

corrected during a training epoch:

δ̂kl = αδ̂kl + (1− α)(
S⋃
s

{T̂s
kl ◦ (M̂ s

k ⋆ Pk)} − Pk), (4.6)

where α ∈ [0, 1] is a decay factor to control the updating rate. In this manner,

improved scene flow is capable of providing enhanced supervision to learn seg-

mentation masks and motion estimates.

Motion & Flow → Segmentation M̂ s
k . Although scene flow encodes point-

level supervisory signals for segmentation, accurately computing flow between

non-adjacent frames is challenging, as pointed out by Song and Yang [40]. To

alleviate the influence of miscalculated scene flow, we optimize our segmenta-

tion head based on the consensus between the motion head and updated scene
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flow. Given the outputs R̂s
kl, t̂

s
kl of our motion head, and the interpolation point

p′il = pik + δikl derived from scene flow, we measure how well the motion head’s

prediction for part s agrees with the scene flow at each point. Specifically, the

consensus score β
s(i)
kl of the point pik w.r.t. the rigid part s between the frames

(k, l) is defined as:

β
s(i)
kl = exp

(
−τ ∥R̂s

kl p
i
k + t̂skl − p′

i
l∥
)
, (4.7)

where τ > 0 is a temperature coefficient controlling the sharpness of βs(i)
kl , and ∥·∥

denotes the ℓ2-norm. A high consensus score indicates that the rigid transforma-

tion predicted by the motion head for part s closely matches the scene-flow-based

displacement at point pik; a low score signals disagreement. This score is then used

to down-weight unreliable regions in the segmentation loss, so that the segmenta-

tion head learns primarily from points where the motion head and scene flow are

consistent:

Lseg =
1

NS

N∑
i=1

S∑
s=1

β
s(i)
kl ∥M̂

s(i)
k (p′

i
l − T̂s

kl ◦ pik)∥, (4.8)

where M̂
s(i)
k is the predicted soft mask value for point i belonging to part s, and

T̂s
kl is the rigid transformation computed from the current estimates of scene flow

and segmentation, as described in the next paragraph. In words, this loss pe-

nalises the residual displacement (the gap between the scene-flow-interpolated

position and the rigid-transformation-predicted position) for each point–part pair,

weighted by both the consensus score β and the predicted mask M̂ . Points with

low consensus or low mask probability contribute less to the gradient, preventing

noisy flow estimates from corrupting the segmentation.
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Figure 4.4: Comparison of FLOPs, parameter number, and AP on SAPIEN. Su-
pervised methods are marked in #.

Segmentation & Flow→Motion T̂s
kl. Following previous works [39, 40], we

employ the weighted-Kabsch algorithm [212, 213] to determine part-level rigid

transformation T̂s
kl given the estimates of scene flow and rigid masks. Further, the

motion head is optimized by the rotation component of T̂s
kl, and estimates corre-

sponding translation by minimizing our probability-based part-level distance. The

implementation details of this distance and our motion loss can be found in B.2.

4.5 Experiments

4.5.1 Datasets & Metrics

Our model is evaluated on three various application scenarios with four datasets:

1) SAPIEN [105] for articulated objects, 2) OGC-DR and its single-view coun-

terpart OGC-DRSV [40] for furniture arrangements; 3) KITTI-SF [104] for ve-

hicular traffic. Following previous works [39, 40, 214], we evaluate the rigid
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Figure 4.5: Results of pilot studies. (a)(b) are the experimental results of our
segmentation head, while (c) is the exploration outcomes of the motion head.

segmentation performance on the following seven measures: Average Precision

(AP), Panoptic Quality (PQ), F1-score (F1), Precision (Pre), and Recall (Rec) at

an Intersection over Union threshold of 0.5, in addition to the mean Intersection

over Union (mIoU) and Rand Index (RI). In terms of multi-body motion estima-

tion, we report End-Point-Error 3D (EPE3D) in the main body, and other metrics

(e.g., Outlier) are provided in B.3.

4.5.2 Pilot Studies on The Two Heads

We first conduct experiments on SAPIEN to verify the generalizability of our two-

head structure, including the point-level invariance of the segmentation head and

the part-level equivariance of the motion head.

Can the point-level invariance of our segmentation head help generalize to

open-set motion? On SAPIEN, each articulated target has four frames with var-

ious part-level rigid orientations and locations. By training the segmentation head

on a subset of the 1st frames (with the canonical pose in [39]) and testing them

on all frames, we compare its performance with the segmentation results using

the same parameters of the non-equivariant counterpart KPConv [29] and global

equivariant EPN. As shown in Figure 4.5(a)(b), the SE(3)-equivariance can essen-

tially boost the generalization even given the global since there are some targets
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that only contain two rigid parts. By introducing point-level invariance, both pre-

cision and recall can be further improved.

Can the part-level equivariance of our motion head help generalize to cate-

gory-agnostic parts? Note that the category of targets for training, validation,

and testing on SAPIEN is completely disjoint. By optimizing the motion head

on the training set and testing its performance on the validation data, we ensure

that the targets do not overlap in categories so their parts are entirely category-

agnostic. To exclude the interference of part segmentation, we directly provide

the ground-truth rigid partition as the mask. By comparing the decrease in per-

formance on the validation data when using part-level equivariance vs. not using

it, as illustrated in Figure 4.5(c), it is observed that the mean angular error of our

model only increases by less than 2°, while that without part-level equivariance

surges from 5.69° to 20.77°. This demonstrates the strong generalizability of our

model to category-agnostic parts.

Table 4.1: Ablation studies on SAPIEN.

Seg. Head Scene Flow Mot. Head Metrics

SE(3)
Feat.

Point-
level
Flexibility

CurrentPast Consensus AP↑ PQ↑ F1↑ Pre↑ Rec↑ mIoU↑ RI↑

45.2 44.2 58.9 53.8 65.1 60.9 71.2
✓ 51.7 50.0 65.8 64.7 67.0 61.6 72.3
✓ ✓ 55.3 52.8 68.3 65.9 70.0 62.3 72.7
✓ ✓ ✓ 54.8 52.0 67.6 66.0 69.3 63.5 73.8
✓ ✓ ✓ ✓ 57.0 51.6 67.3 63.8 71.1 63.1 73.2
✓ ✓ ✓ ✓ ✓ 63.8 61.3 77.3 84.2 71.3 63.7 75.4

4.5.3 Ablation Studies

We perform detailed ablation studies on SAPIEN to explore the effects of three

main components: segmentation head, motion head, and scheme of scene flow
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updating.

Segmentation Head. Two crucial design elements significantly enhance our

segmentation head: 1) the use of SE(3)-equivariant features, and 2) point-level

flexibility for invariant representations. By simply introducing the global equiv-

ariant features, AP increases from 45.2% to 51.7%. This demonstrates the im-

portance of SE(3)-equivariance in modeling rigid transformations. The proposed

point-level flexibility further boosts the performance to 55.3%, suggesting that our

point-level invariance is highly advantageous to the multi-body task.

Scene Flow Updating Scheme. For the updated choice of scene flow, we em-

pirically test three options: 1) completely relying on the past flow extracted by

an unsupervised flow network, 2) ignoring the past flow and directly using the

current estimation, and 3) combining them together with a decay factor. It is ob-

served that the extreme choices of 1) or 2) result in minor performance differences

(AP: 55.3% vs. 54.8%). The significant improvement comes from the weighted

combination in option 3), achieving the AP of 57.0%.

Motion Head. The motion head contributes to the consensus score for the re-

moval of scene flow noise. From the last row of Table 4.1, the consensus between

the motion head and scene flow significantly boosts the final segmentation per-

formance in most of the metrics. By controlling the point-level learning weight

during the training process, our motion head can assist in optimizing the segmen-

tation head.
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Table 4.2: Rigid segmentation results on SAPIEN. ∗ indicates that we evaluate
these metrics upon the officially released model; - means that the metric is un-
available.

AP↑ PQ↑ F1↑ Pre↑ Rec↑ mIoU↑ RI↑ EPE3D↓

Supervised
Methods

PointNet++ [28] - - - - - 51.2 65.0 -
MeteorNet [14] - - - - - 45.7 60.0 -
DeepPart [195] - - - - - 53.0 67.0 5.95

MBS [39] 49.4∗ 52.6∗ 67.6∗ 61.4∗ 75.2∗ 67.3 77.0 5.03
OGC-sup [40] 66.1 48.7 62.0 54.6 71.7 66.8 77.1 -

Ours-sup 73.5 57.8 71.1 65.6 77.7 72.6 81.4 3.86

Unsupervised
Methods

TrajAffn [215] 6.2 14.7 22.0 16.3 34.0 45.7 60.1 -
SSC [214] 9.5 20.4 28.2 20.9 43.5 50.6 65.9 -

WardLinkage [216] 17.4 26.8 40.1 36.9 43.9 49.4 62.2 -
DBSCAN [217] 6.3 13.4 20.4 13.9 37.9 34.2 51.4 -

NPP [191] - - - - - 51.5 66.0 21.22
OGC [40] 55.6 50.6 65.1 65.0 65.2 60.9 73.4 -

Ours 63.8 61.3 77.3 84.2 71.3 63.7 75.4 5.47

4.5.4 Results & Comparisons

4.5.4.1 SAPIEN

SAPIEN is a challenging dataset of articulated objects since its training, vali-

dation and testing sets comprise completely disjoint categories of objects. This

domain gap in the data split complicates the precise segmentation of rigid parts.

Adapting our model to the supervised formulation is straightforward by optimiz-

ing the segmentation with ground-truth training labels. Therefore, we also report

the supervised performance of the proposed framework. As shown in Table 4.2,

our segmentation performance sets a new benchmark across all metrics in both

supervised and unsupervised settings.

In line with the default setting of [39], we estimate motion between both consecu-

tive frames and non-adjacent ones. Table 4.2 reports its EPE3D performance and

comparison: our unsupervised performance of 5.47 EPE3D on motion estimation

is on par with the best existing supervised method (MBS), while our supervised
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EPE3D achieves 3.86, marking a relative error reduction of approximately 23%.

As depicted in Figure 4.4, owing to the lightweight two-head structure, our model

encompasses only a small number of parameters (0.25M) and incurs a low cost

in computational complexity (0.92G floating point operations, FLOPs). As pre-

viewed in Figure 4.2, our unsupervised predictions are comparable to—and of-

ten cleaner than—those of supervised baselines. To further demonstrate that this

advantage is consistent across a broader range of object categories and pose vari-

ations, Figure 4.6 presents an extended side-by-side comparison with OGC [40]

and MultiBodySync [39] under both supervised and unsupervised settings. Across

all examples, our method produces sharper motion boundaries and fewer over-

segmentation artifacts, confirming that the SE(3)-equivariant formulation gener-

alises reliably to category-agnostic, open-set scenarios.

Table 4.3: Rigid segmentation results on OGC-DR and OGC-DRSV.

AP↑ PQ↑ F1↑ Pre↑ Rec↑ mIoU↑ RI↑

Supervised
Methods

OGC-sup [40] 90.7 / 86.3 82.6 / 78.8 87.6 / 85.0 83.7 / 82.2 92.0 / 88.0 89.2 / 83.9 97.7 / 97.1
Ours-sup 92.8 / 89.3 86.9 / 82.6 91.0 / 87.9 88.8 / 85.5 93.2 / 90.4 91.2 / 86.6 98.7 / 97.9

Unsupervised
Methods

TrajAffn [215] 42.6 / 39.3 46.7 / 43.8 57.8 / 54.8 69.6 / 63.0 49.4 / 48.4 46.8 / 45.9 80.1 / 77.7
SSC [214] 74.5 / 70.3 79.2 / 75.4 84.2 / 81.5 92.5 / 89.6 77.3 / 74.7 74.6 / 70.8 91.5 / 91.3

WardLinkage [216] 72.3 / 69.8 74.0 / 71.6 82.5 / 80.5 93.9 / 91.8 73.6 / 71.7 69.9 / 67.2 94.3 / 93.3
DBSCAN [217] 73.9 / 71.9 76.0 / 76.3 81.6 / 81.8 85.8 / 79.1 77.8 / 84.8 74.7 / 80.1 91.5 / 93.5

OGC [40] 92.3 / 86.8 85.1 / 77.0 89.4 / 83.9 85.6 / 77.7 93.6 / 91.2 90.8 / 84.8 97.8 / 95.4
Ours 93.9 / 88.1 87.0 / 80.0 91.1 / 86.1 87.0 / 80.8 95.6 / 92.2 92.4 / 86.7 98.1 / 96.6

4.5.4.2 OGC-DR & Single-view Counterpart

OGC-DR is a dataset for indoor furniture arrangements, where the training, val-

idation, and testing instances are distinct from one another. OGC-DRSV, the

single-view version of OGC-DR, presents a challenge due to the incomplete na-

ture of the furniture caused by occlusion, making it difficult to identify consis-

tent rigidity. As demonstrated in Table 4.3, the proposed framework constantly

surpasses the state-of-the-art models across all measures. Remarkably, even un-

der the most challenging condition, i.e., unsupervised single-view, our AP still
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achieves the value of 88.1%. This underscores the robustness of our model in

handling incomplete observations. The performance on motion estimation can be

found in B.3.

Table 4.4: Rigid segmentation results on KITTI-SF. Our model still achieves com-
petitive results even though the data setting is inconsistent with the model’s as-
sumption.

Method Category Method AP↑ PQ↑ F1↑ Pre↑ Rec↑ mIoU↑ RI↑

Supervised
Methods

OGC-sup [40] 62.4 52.7 65.1 63.4 67.0 67.3 95.0
Ours-sup 65.1 56.3 68.6 69.4 67.8 69.5 95.7

Unsupervised
Methods

TrajAffn [215] 24.0 30.2 43.2 37.6 50.8 48.1 58.5
SSC [214] 12.5 20.4 28.4 22.8 37.6 41.5 48.9

WardLinkage [216] 25.0 16.3 22.9 13.7 69.8 60.5 44.9
DBSCAN [217] 13.4 22.8 32.6 26.7 42.0 42.6 55.3

OGC [40] 54.4 42.4 52.4 47.3 58.8 63.7 93.6
Ours 53.6 44.4 55.1 56.3 54.0 61.5 93.4

4.5.4.3 KITTI-SF

Strictly speaking, KITTI-SF is not a multi-body rigid dataset, as the background

in its point clouds may be deformable. This is inconsistent with the assumption of

our framework, which posits that the feature is only equivariant for rigid transfor-

mations. However, as shown in Table 4.4, our framework still delivers competitive

performance in rigid segmentation despite this inconsistency.

4.5.4.4 Generalization to KITTI-Det & SemanticKITTI

Following the same evaluation protocol of OGC, we further evaluate the general-

izability of our model from KITTI-SF to two larger outdoor datasets, i.e., KITTI-

Det [103] and SemanticKITTI [10], and compare the performance with the results

reported in OGC, as shown in Table 4.5& 4.6.

It is important to clarify the scope of our comparison. The SemanticKITTI bench-

mark hosts numerous methods for supervised semantic segmentation (e.g., Cylin-
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der3D [218], SPVNAS [219], 2DPASS [220]) that achieve substantially higher

performance on that benchmark’s leaderboard. However, our task—rigid-body

motion segmentation—is fundamentally different from semantic segmentation.

The leaderboard methods classify points into predefined semantic categories (e.g.,

car, road, building) using dense per-point category labels, whereas our methods—

both supervised and unsupervised variants—segment the scene into independently

moving rigid parts based on motion consistency. The supervised variants (Ours-

sup and OGC-sup) use rigid-part motion annotations rather than semantic cate-

gory labels; they are included following the evaluation protocol established by

OGC [40] to provide an upper-bound reference for the unsupervised setting. We

compare with OGC as it is the most directly comparable method addressing the

same problem formulation of multi-body rigid motion segmentation.

Table 4.5: Segmentation performance on KITTI-Det.

Methods AP↑ PQ↑ F1↑ Pre↑ Rec↑ mIoU↑ RI↑

OGC-sup [40] 51.4 41.0 49.1 43.7 56.0 66.2 91.0
Ours-sup 52.5 43.3 51.8 47.5 57.0 68.0 92.6

OGC-unsup [40] 40.5 30.9 37.0 30.8 46.5 60.6 86.4
Ours-unsup 41.3 32.9 38.8 35.3 43.1 60.2 87.2

In Table 4.6, we report results on three groupings of sequences: all sequences

(00–10), sequences excluding Sequence 08 (00–07 & 09–10), and Sequence 08

alone. This separate reporting follows the standard SemanticKITTI protocol es-

tablished by [10], where Sequence 08 serves as the designated validation set while

the remaining sequences are used for training. We follow the same convention as

OGC [40] to ensure a fair and consistent comparison. The performance difference

on Sequence 08 compared to other sequences can be attributed to its distinct driv-

ing environment and traffic patterns, which differ from the training distribution.
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Table 4.6: Segmentation performance on SemanticKITTI.

Sequences Methods AP↑ PQ↑ F1↑ Pre↑ Rec↑ mIoU↑ RI↑

00 - 10

OGC-sup [40] 53.8 41.3 48.1 40.1 60.0 68.3 90.0
Ours-sup 60.1 47.6 55.4 48.6 64.4 71.9 93.4

OGC-unsup [40] 42.6 30.2 35.3 28.2 47.3 60.3 86.0
Ours-unsup 46.9 31.6 36.9 29.0 50.6 63.2 88.7

00 - 07 & 09 - 10

OGC-sup [40] 55.3 41.8 48.4 40.1 61.1 69.9 90.3
Ours-sup 60.5 48.1 55.6 48.8 64.7 73.2 93.8

OGC-unsup [40] 43.6 30.5 35.5 28.1 48.2 62.1 86.3
Ours-unsup 47.4 31.7 36.8 28.7 51.0 64.8 89.3

08

OGC-sup [40] 49.4 39.2 46.6 40.0 55.8 60.3 88.3
Ours-sup 58.4 46.0 54.4 47.8 63.1 65.8 91.7

OGC-unsup [40] 38.6 29.1 34.7 28.6 44.0 51.8 84.3
Ours-unsup 44.2 31.0 37.3 30.0 49.1 55.8 86.1

4.6 Limitations & Future Work

Our model is predicated on an assumption: the part-level motion should be a

rigid transformation. Therefore, as shown in Table 4.3, if the observation of part-

level movements is non-rigid (such as occluded single views), it would suffer a

performance decrease. In the future, we would like to develop a model that is

more robust to its observation.

4.7 Conclusion

This chapter introduces a part-level SE(3)-equivariant framework for modeling

multi-body rigid motion. The two heads for rigid segmentation and motion esti-

mation are meticulously designed based on their inherent invariant and equivari-

ant characteristics. The relationship among scene flow, rigid segmentation, and

multi-body transformation is then exploited to derive an unsupervised optimiza-

tion strategy. Our approach achieves state-of-the-art results on multiple datasets
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while significantly reducing the required parameters and computations.

Within the multi-level programme of this thesis, this chapter complements the

high-level semantic classifier of Chapter 3 by operating at a finer granularity:

rather than assigning a single label to an entire sequence, we discover part-level

structure and estimate per-part rigid transformations. Both chapters share the

overarching goal of learning effective dynamic point cloud representations, but

they differ in abstraction level, supervision paradigm, and output format. Impor-

tantly, the unsupervised nature of the method presented here demonstrates that

strong geometric priors—specifically SE(3) equivariance—can compensate for

the absence of manual annotations, a theme that resonates across all three con-

tributions.

While this chapter addresses part-level motion at an intermediate granularity, a

complementary challenge lies in reconstructing complete 4D geometry from min-

imal observations. The next chapter tackles this low-level reconstruction problem,

proposing MotionStruct4D for video-to-4D generation. Notably, MotionStruct4D

also decomposes motion into rigid and non-rigid components, echoing the rigid-

body assumptions explored here but extending them to a generative setting with

3D Gaussian Splatting representations.
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Ground Truth Ours-sup Ours-unsup OGC-sup OGC-unsup MBS

Figure 4.6: Extended qualitative comparison of rigid segmentation on SAPIEN.
We compare our method with OGC [40] and MultiBodySync (MBS) [39] un-
der both supervised and unsupervised settings across a diverse set of articulated
objects. Ground Truth denotes the reference segmentation. Our unsupervised
model (Ours-unsup) produces coherent rigid parts with sharp motion boundaries,
whereas OGC-unsup exhibits over-segmentation and noisy label bleeding. Our
supervised variant (Ours-sup) further captures fine-grained part details, outper-
forming OGC-sup and MBS. These results confirm that the SE(3)-equivariant
formulation generalises reliably across open-set pose changes and diverse object
categories. Additional visualisations are provided in B.5.
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5 | Low-level Geometric Reconstruction: Video-

to-4D Generation via Motion Structure Dis-

covery

This chapter addresses a problem that is distinct from those in Chapters 3 and 4:

reconstructing complete 4D representations from single-view monocular video.

While the preceding chapters focused on classification and motion analysis of

point cloud sequences, this chapter operates in the domain of 4D generation using

3D Gaussian Splatting, with its own technical formulation and evaluation criteria.

5.1 Abstract

Monocular Video-to-4D generation faces the fundamental challenge of inferring

plausible 3D geometry and motion from limited single-view inputs. We present

MotionStruct4D, a novel approach that discovers and exploits the underlying mo-

tion structure of 3D Gaussian Splatting for high-quality video-to-4D generation.

Our key insight is that real-world motion can be effectively decomposed into

coarse rigid transformations that capture principal movements, complemented by

detailed non-rigid deformations that account for fine-grained details. Motion-

Struct4D introduces: (1) a self-supervised motion structure discovery module that

identifies quasi-rigid parts by preserving spatio-temporal relationships without ex-

plicit 3D supervision, and (2) a weighted dense-to-sparse optimization architec-

ture that transitions from dense per-Gaussian deformation to sparse control points,

effectively integrating rigid and non-rigid motion components through adaptive

weighted fusion. This design addresses the parametric imbalance between rigid

and non-rigid motions and effectively models 3D movements across different
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kinematic patterns. To evaluate our approach on challenging scenarios, we curate

a comprehensive benchmark dataset featuring substantial object displacement and

diverse articulated motion patterns. Experimental results demonstrate Motion-

Struct4D’s superior performance in motion fidelity and novel viewpoint synthesis

quality, while also providing interpretable motion structure decomposition that

reveals meaningful quasi-rigid part segmentation. Video demonstrations of our

results are available at https://jx-zhong-for-academic-purpose.

github.io/MotionStruct4DPage/.

5.2 Introduction

Recent progress in 4D content generation has enabled dynamic 3D assets to be

generated from a variety of inputs, including text [221], images [67, 96], and

videos [63, 66, 81]. Among these modalities, video-to-4D generation presents a

particularly promising yet challenging approach, as it allows users to transform

ordinary monocular video captures into viewable 4D assets from various perspec-

tives. Unlike traditional 4D reconstruction [57, 58, 93, 94, 222–225], video-to-4D

generation faces a fundamentally more difficult ill-posed problem. 4D reconstruc-

tion typically establishes a direct correspondence between input and output views–

either reconstructing forward-facing views from forward-facing inputs, or synthe-

sizing free viewpoints from multi-directional source views. In contrast, video-to-

4D generation is required to infer plausible 3D geometry and motion that can be

rendered from arbitrary viewpoints only given a single-view monocular video as

input. The core challenge in video-to-4D generation lies in designing effective

motion representations. Despite extensive exploration of various techniques us-

ing Neural Radiance Fields (NeRFs) [64, 68], HexPlane [93], and 3D Gaussian

Splatting [63, 66, 81], existing approaches frequently struggle to simultaneously
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achieve high-fidelity rendering and consistent motion across novel viewpoints.

Intuitively, real-world motion usually exhibits structural patterns that can be ap-

proximated by a limited set of primary transformations. Therefore, complex

movements can be represented as a combination of several rigid transformations

that capture the principal global movements, complemented by local non-rigid

deformations that account for fine-grained details. Based on this physical insight,

we propose MotionStruct4D, a novel approach that discovers and exploits the un-

derlying motion structure of 3D Gaussian Splatting for high-quality video-to-4D

generation.

However, the implementation of this rigid-nonrigid motion approach presents two

significant challenges: supervising motion structure discovery and jointly mod-

eling rigid and non-rigid transformations. For motion structure discovery, the

absence of multi-view constraints hampers the inference of underlying 3D motion

structures, particularly as Gaussian point locations evolve throughout the learn-

ing process, complicating rigid-body identification. For modeling rigid-nonrigid

motion simultaneously, the joint optimization of rigid and non-rigid motions is

non-trivial due to their inherent parametric imbalance–rigid motions are compar-

atively few but structurally significant, while non-rigid motions are numerous and

possess substantially greater degrees of freedom, allowing Gaussian points to tra-

verse any directions at any distances. This asymmetry frequently causes non-rigid

motion to dominate the optimization process, compromising overall motion co-

herence.

To address these two challenges, our approach incorporates: (1) self-supervised

motion structure discovery using spatio-temporal relationship preservation, and

(2) balanced rigid-nonrigid motion modeling through weighted dense-to-sparse

optimization. Figure 5.1 illustrates our MotionStruct4D pipeline. For identifying
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Figure 5.1: Our pipeline for video-to-4D generation. Given a single-view monoc-
ular video input, we first identify nearly rigid-body parts in a self-supervised way
that approximates Gaussian point motion with rigid movements. We then de-
compose motion into rigid and non-rigid transformations. Through our weighted
dense-to-sparse optimization (where darkness represents rigid-motion weights),
we integrate these complementary motion components by transitioning from
dense Gaussian representations to sparse control points, and produce 4D content
across arbitrary viewpoints and timestamps.

quasi-rigid parts without explicit 3D supervision, we first approximate Gaussian

point motion through multiple movements by preserving both temporal changes

and spatial coherence. After obtaining approximate rigid parts, we capture the

motion structure of 3D Gaussians via the decomposition into rigid and non-rigid

transformations. For joint rigid-nonrigid modeling, we optimize the proposed

framework in a weighted dense-to-sparse manner. By transitioning from dense

per-Gaussian deformation to sparse control points, we significantly reduce the

number of non-rigid parameters while maintaining expressiveness. Our learnable

weighting mechanism further balances the influence of rigid and non-rigid compo-

nents, adaptively integrating them based on their relative importance in different

regions.

To rigorously evaluate our approach, particularly in scenarios with diverse mo-

tions, we curate a comprehensive dataset of moving animal videos by restruc-

turing ARTEMIS-DFA [226]. In contrast to existing benchmarks (e.g. Consis-

tent4D [63]), which typically have limited object displacement and insufficient
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motion diversity for individual objects, our dataset encompasses both large global

object displacement and multiple motion patterns for the same object. This con-

stitutes a challenging and ecologically valid testbed for video-to-4D generation

across various kinematic patterns. Experimental results demonstrate MotionStruct4D’s

superior performance in motion fidelity and novel viewpoint synthesis quality,

while also providing interpretable motion structure decomposition that reveals

meaningful quasi-rigid part segmentation.

In summary, our contributions are three-fold:

• A self-supervised motion structures discovery module that identifies quasi-rigid

parts and decomposes Gaussian point transformations from single-view videos

without explicit 3D supervision.

• A dense-to-sparse optimization architecture with adaptive weighted fusion, ef-

fectively integrating rigid and non-rigid motion components.

• A curated large-motion benchmark dataset featuring substantial object displace-

ment and diverse articulated motion patterns of the same object, establishing a

more comprehensive evaluation benchmark for video-to-4D generation.

5.3 Related Works

3D Generation. Early research in 3D generation achieved high-quality textured

3D mesh generation [74, 75, 227, 228]. More recently, diffusion model-based

methods have become prominent in 3D generation algorithms [229–234]. Dream-

Fusion [122] first introduced the score distillation sampling (SDS) loss for text-

to-3D generation, optimizing 3D shapes with pre-trained 2D diffusion models. To

address the multi-view Janus problem (inconsistent appearances across views),

methods such as MVDream [95], SweetDreamer [235], Zero123 [96], and Sync-
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Dreammer [97] fine-tune 2D diffusion models to enable explicit control over im-

age generation from different viewpoints. With the advancement of 3D Gaussian

Splatting representations, approaches like DreamGaussian [233] and Gaussian-

Dreamer [236] have pioneered its use as the underlying 3D structure, enabling

efficient 3D object generation within minutes.

4D Representation. 4D representations aim to model dynamic geometry and

appearance over time. Traditional approaches often extend static Neural Radiance

Fields (NeRFs) [77] to dynamic scenes by incorporating deformability [57, 58, 78,

92] or time-varying components [93, 94, 237–239]. However, these methods can

suffer from high computational costs and slow convergence. Recently, 3D Gaus-

sian Splatting has emerged as a popular alternative due to its explicit structure,

which facilitates real-time rendering. Methods such as Deformable 3D Gaussians

and SC-GS [61] model motion via deformation fields or sparse control points

(e.g., using Linear Blend Skinning (LBS) or Direct Quaternion Skinning (DQS)),

enabling efficient and temporally consistent reconstruction. Compared to implicit

radiance fields, Gaussian-based representations [59, 60, 66, 67, 80, 81, 221, 240,

241] generally offer superior optimization efficiency and spatio-temporal fidelity,

making them well-suited for scalable 4D content generation.

Video-to-4D Generation. Building on the significant progress in 3D genera-

tion, a growing body of research now focuses on the more challenging task of

video-to-4D generation [64–68, 97, 221, 242]. These methods often leverage ex-

isting multi-view diffusion models to compute an SDS loss [62, 63, 81] or to

generate per-frame multi-view images [64, 65, 243] that serve as supervision sig-

nals. Among these, SC4D [81], a concurrent work to our method, optimizes a

set of sparsely-controlled dynamic 3D Gaussians using a per-frame SDS loss.

DreamMesh4D [66] proposes a hybrid representation, incorporating sparse con-
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trol Gaussians and mesh-surface bindings to achieve physically plausible motion

and efficient optimization. In contrast to these approaches, our MotionStruct4D

introduces explicit motion structure awareness through self-supervised rigid-part

discovery. This enables our method to maintain structural coherence across arbi-

trary viewpoints by understanding and decomposing the underlying motion of the

scene.
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Figure 5.2: Framework of MotionStruct4D. There are three main components: (1)
View-conditioned diffusion generates multi-view contents for Laug, while Lrecon

provides direct supervision from input frames. (2) 3D motion structure discovery
identifies quasi-rigid moving parts through self-supervised losses (Ltemporal and
Lspatial), enabling rigid-nonrigid motion decomposition. (3) Dense-to-sparse op-
timization from dense per-Gaussian change to sparse control points Pτ

k , with a
learnable fusion weightWτ . In this way, the canonical 3D Gaussians Gi are trans-
formed to time-dependent Gaussians Gτi via the learned variation ∆Gτi , enabling
consistent novel view synthesis across space and time.
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5.4 Methodology

5.4.1 Problem Statement

Video-to-4D generation aims to create a time-varying 3D representation from a

monocular video. Formally, given a T -frame single-view video I = {Iτ}Tτ=1 cap-

tured from a certain camera viewpoint, our goal is to infer its 4D representation

O that can be rendered from arbitrary viewpoints v and timestamps τ . The input

video I provides only single-view frames but a model is required to restore com-

plete volumetric information at each timestamp. This inherently ill-posed nature

distinguishes our task from conventional 4D reconstruction approaches, which

typically benefit from multi-view spatial correspondences or consider forward-

facing perspectives only.

5.4.2 Preliminaries: 4D Gaussian Splatting via Canonical Map-

ping

To extend 3D Gaussian Splatting (3D-GS) [79] to dynamic scenes, we adopt the

canonical-mapping paradigm [60]. This approach establishes a canonical space of

3D Gaussians {Gi}Ni=1 and models per-Gaussian temporal variations ∆Gτi at any

timestep τ , which effectively preserves a consistent underlying scene structure

while accommodating temporal dynamics.

Canonical 3D Gaussians. By constructing a canonical space with static 3D

Gaussians, we store time-invariant 3D information of the video. A static 3D

Gaussian G is parameterized by a center position µ ∈ R3, a covariance matrix

Σ ∈ R3×3 (typically specified by scale s ∈ R3 and rotation quaternion q ∈ R4),
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opacity σ ∈ R, and l-order spherical harmonic coefficients for color h ∈ R3×l2 .

These Gaussians are rendered from the viewpoint v via alpha blending [244]

through a differentiable splatting operation to compute the color C(u) at a pixel

u:

C(u) =
∑
i

ciαi

i−1∏
j=1

(1− αj), (5.1)

where ci = SH(hi, ν) represents the color of the i-th Gaussian evaluated at view

direction ν based on the spherical harmonic function SH, αi = σiGi(x) represents

the opacity contribution of the i-th Gaussian at 3D position x corresponding to

pixel u, with Gi(x) = exp
(
−1

2
(x− µi)

TΣ−1
i (x− µi)

)
the Gaussian function

calculated at position x.

Time-aware Dynamics Modeling. Based on the canonical Gaussians, we de-

fine a time-dependent deformation function F that maps canonical Gaussians to

their corresponding states at time τ , with the change ∆Gτi :

∆Gτi = F(Gi, τ) = {∆µτ
i ,∆qτ

i ,∆sτi }, (5.2)

where ∆µτ
i , ∆qτ

i , and ∆sτi denote the changes in position, rotation, and scal-

ing, respectively. The final Gaussian Gτi is obtained by applying these changes to

the canonical Gaussian Gi. Prior work using this paradigm exhibits two critical

limitations: (1) insufficient motion structure awareness, as it treats all deforma-

tions as non-rigid, and (2) computational inefficiency when modeling common

motion patterns such as articulated movements. Differently, our approach explic-

itly models motion as a composition of rigid-body transformations and non-rigid

deformations, thereby more accurately representing real-world dynamic objects.
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5.4.3 MotionStruct4D

As shown in Figure 5.1, the MotionStruct4D pipeline consists of two main com-

ponents: (1) self-supervised 3D motion structure discovery, which comprises ap-

proximate rigid-part identification and motion decomposition of Gaussian points,

and (2) a weighted dense-to-sparse optimization strategy. Figure 5.2 illustrates

the detailed framework. Following common practice, we utilize view-conditioned

diffusion models (e.g., Zero123) to augment multi-view training data. Although

these synthetic views lack temporal consistency, they provide stable 3D spatial

supervision. We employ Score Distillation Sampling (SDS) [96, 242] to com-

pute the augmentation loss Laug (details in C.2) as a component of our objective

function. Additionally, we incorporate reconstruction loss Lrecon for the original

frames in the input video. Both Lrecon and Laug provide content constraints for the

rendered images, initially training the Gaussian Splatting representation.

Given an input video I with any frame Iτ , we aim to model the time-aware change

∆Gτi for each canonical 3D Gaussian Gi corresponding to this frame, obtaining Gτi
for video-to-4D generation. We view ∆Gτi as Gaussian "motion" that reflects the

underlying 3D motion structure of the video.

5.4.3.1 Self-supervised Approximate Rigid-part Identification

To achieve motion structure discovery, our first step is identifying the main mo-

tion components of Gaussian point motion. We aim to approximate Gaussian

point motion with rigid movements and identify nearly rigid-body parts in a self-

supervised manner. During this stage, we focus on modeling the positional dis-

placement ∆µτ
i of a canonical Gaussian point Gi in the τ th frame for simplicity.

Other changes, such as each Gaussian’s intrinsic rotation ∆qτ
i , are modeled sepa-

rately in the non-rigid per-Gaussian deformation component.
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For a specific canonical Gaussian point centered at µi, we identify potential rigid

motion patterns to model its location change ∆µτ
i . We define a learnable rigid-

part mask functionMτ that assigns each point a soft assignment probability vec-

tor mτ
i ∈ RS , where S represents the maximum number of potential rigid parts.

Our objective is to learn an effectiveMτ through self-supervision.

Temporal-change Preservation. First, these quasi-rigid movements should pre-

serve the temporal changes of Gaussian point locations as much as possible, with

Gaussian points belonging to the same rigid part undergoing similar transforma-

tions. For the s-th rigid part, we estimate its transformation matrix T τ
s ∈ SE(3)

using a differentiable weighted-Kabsch algorithm [79] (details in C.2). The rigid-

part division should maximize the preservation of Gaussian point location tempo-

ral changes:

Ltemporal =
1

N

N∑
i=1

∣∣∣∣∣
∣∣∣∣∣

S∑
s=1

mτ
is(T

τ
s ◦ µi)− (µi +∆µ̂τ

i )

∣∣∣∣∣
∣∣∣∣∣
2

2

, (5.3)

where mτ
is represents the probability of the i-th point belonging to the s-th rigid

part, ◦ denotes the application of transformation, and ∆µ̂τ
i is the location change

of the Gaussian point from the previous iteration.

Spatial-coherence Preservation. Based solely on temporal-change preserva-

tion, the model tends to create more rigid parts to reduce approximation error,

leading to over-segmentation. To prevent over-segmentation and enforce spatial

smoothness, we preserve spatial coherence based on local neighborhood consis-

tency. For each point µi, we search for H neighboring points using ball queries [28]

and enforce their rigid-part assignments to be consistent:

Lspatial =
1

NH

N∑
i=1

H∑
h=1

δ(mτ
i ,m

τ
i,h), (5.4)
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where mτ
i ∈ (0, 1)S represents the soft assignment of the center point µi, mτ

i,h

denotes the assignment of its h-th neighbor, and δ(·) is the L2 distance. The

weighted fusion Lidentification = λtemporalLtemporal + λspatialLspatial serves as the self-

supervised loss for learning Mτ , where Ltemporal promotes sufficient quasi-rigid

parts and Lspatial prevents excessive segmentation.

5.4.3.2 Motion Decomposition

After identifying quasi-rigid partsMτ , we model the motion structure by decom-

posing the movements of each Gaussian from canonical space to the τ th frame.

The positional displacement ∆µτ
i is decomposed into rigid motion weighted by

part probabilities and additional non-rigid deformation:

∆µτ
i =

S∑
s=1

mτ
is(R

τ
sµi + tτs) + dτ

i , (5.5)

where the learnable parameters Rτ
s and tτs represent the rotation and translation

of the s-th quasi-rigid part, respectively; mτ
is is the soft assignment probability,

and dτ
i ∈ R3 (also learnable) captures the non-rigid deformation specific to Gaus-

sian i at time τ . This decomposition allows our model to capture both global

rigid movements (e.g., animals’ body displacement) and fine-grained non-rigid

deformations (e.g., muscle bulging), providing a comprehensive representation of

motion patterns.

5.4.3.3 Weighted Dense-to-Sparse Optimization

As noted above, the number of rigid motion parameters (Rτ
s and tτs for S groups)

is significantly smaller than the number of per-Gaussian non-rigid motion param-

eters (dτ
i for N groups). To balance rigid and non-rigid modeling while maintain-

ing computational efficiency, we propose a weighted dense-to-sparse optimization
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strategy that progressively refines the 4D representation. First, we introduce a

learnable weight moduleWτ that outputs wτ
i ∈ R to adjust the proportion of rigid

and non-rigid motion for each Gaussian point:

∆µτ
i = wτ

i

S∑
k=1

mτ
ik(R

τ
sµi + tτs) + (1− wτ

i )d
τ
i , (5.6)

Dense Per-Gaussian Optimization. In this stage, the time-aware change ∆Gτi
of canonical Gaussians is directly established on Gaussian points. We initialize

canonical Gaussians {Gi}Ni=1 with randomly sampled positions inside a sphere.

For a specific timestep τ , we learn the canonical Gaussians’ movement using our

weighted rigid-nonrigid composition in Eq. 5.6, and compute their new position

µτ
i = µi + ∆µτ

i , as well as rotation quaternion qτ
i and scale sτi . After obtaining

the transformed Gaussians {Gτi }Ni=1 at timestep τ , we project them from the refer-

ence view and augmented views to get the rendered image to compute Lrecon and

Laug, respectively (as defined in Sec. 5.4.3). The complete optimization objective

in this stage is:

Ldense = λreconLrecon + λaugLaug + λidentificationLidentification. (5.7)

Sparse Control-point Optimization. Building upon the concept of sparse con-

trol points prevalent in Gaussian Splatting methods (e.g., SC-GS [61], DreamMesh4D [66],

SC-4D [81]), we extend this concept to model non-rigid changes based on rigid

motion. We establish a set of K sparse control points {Pk}Kk=1. Each control

point Pτ
k at timestep τ is parameterized by its original location pk, point-wise

displacement ∆pτ
k and rotation R̂

τ

k (with rotation quaternion q̂τ
k). Similarly, the

displacement ∆pτ
k of each control point follows the same rigid-nonrigid compo-

sition principle as in Eq. 5.6. We use Linear Blend Skinning (LBS) to control

the time-aware change of canonical Gaussians. For each canonical Gaussian Gi,
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the warped location µτ
i and rotation qτ

i can be computed as a weighted sum of its

KNN control points Mi:

µτ
i =

∑
k∈Mi

ωik(R̂
τ

k(µi−pk) +pk +∆pτ
k) qτ

i =

(∑
k∈Mi

ωikq̂
τ
k

)
⊗ qi, (5.8)

where ωik is a weighting ratio depending on the distance dik between Gaussian

Gi center and its neighboring control point pk, and a learned control radius γk

(details in C.2); ⊗ denotes quaternion multiplication. The complete optimization

objective combines all loss components:

Lsparse = λreconLrecon + λaugLaug + λidentificationLidentification + λcontrolLcontrol, (5.9)

where Lcontrol denotes additional regularization terms for sparse control points that

constrain their location distribution that maintains shape fidelity throughout opti-

mization (details in C.2).

5.5 Experiments

5.5.1 Experimental Setup

Proposed Benchmark. Existing video-to-4D datasets (e.g., Consistent4D [63])

suffer from (1) limited object displacement and (2) insufficient motion diversity,

restricting comprehensive evaluation of motion modeling capabilities. To ad-

dress these limitations, we curate a challenging benchmark with 3D CGI models

sourced from ARTEMIS-DFA [226] crafted through artists’ efforts. This dataset

comprises 9 distinct animal species (i.e., Beagle Dog, Bear, Cat, Duck, Fox, Lion,

Panda, White Tiger, Wolf), each represented by 2-4 video sequences showcasing

different motion patterns (e.g., howling, running), resulting in a total of 25 se-

quences. We select one reference viewpoint for training and four for testing novel
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view synthesis. For quantitative evaluation, we choose 32 frames at 512-pixel res-

olution with foreground-only objects to ensure compatibility with existing meth-

ods, while the subset of additional frames serves for qualitative assessment and

validation. More information can be found in C.1.

Evaluation Protocol. Evaluation metrics encompass both pixel-level fidelity

measures (PSNR, SSIM) computed against reference viewpoints, and perceptual

quality metrics (LPIPS, FVD, FID-VID, CLIP-Score) evaluated across all view-

points including both generated and reference views. Additionally, we conduct

experiments on the Consistent4D dataset to demonstrate generalization to generic

objects.

Implementation Details. Following established practices [79], we employ multi-

layer perceptrons (MLPs) to learn model parameters, feeding positional embed-

dings as inputs (6 dimensions for temporal encoding, 10 dimensions for spatial

encoding). Our optimization strategy consists of 1,500 iterations: the first 1,000

iterations focus on dense per-Gaussian optimization, followed by 500 iterations

of sparse control-point optimization. More implementation details are provided

in C.1.

5.5.2 Hyper-setting Exploration

We conduct extensive hyperparameter analysis on our ARTEMIS-DFA validation

set to investigate two critical parameters: the maximum number of sparse con-

trol points K, which governs non-rigid deformation capacity, and λtemporal, which

controls the weight of the temporal-change preservation loss term in our self-

supervised motion structure discovery.
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Figure 5.3: Hyper-parameter exploration. We evaluate key hyperparameters on
the validation set using PSNR and SSIM metrics. The top row explores the max-
imum number of sparse control points K, where red boxes highlight distortion
regions caused by insufficient control points. The bottom row demonstrates the
influence of different λtemporal values, where too small values inadequately capture
motion dynamics while too large values lead to over-segmentation.

Number of Sparse Control Points (K). We evaluate the effect of varying the

maximum number of sparse control points while fixing the number of rigid parts

to 8. As shown in the top row of Figure 5.3, insufficient control points (e.g.,

K = 32) result in noticeable distortion artifacts, particularly in regions requiring

fine-grained non-rigid deformations, as highlighted by the red boxes. Performance

metrics (PSNR and SSIM) demonstrate steady improvement as K increases, with

diminishing returns observed beyond K = 512. This saturation point indicates

that 512 control points provide sufficient degrees of freedom to capture the non-

rigid motion details in our benchmark while maintaining computational efficiency.

Temporal Loss Weight (λtemporal). With λspatial fixed at 0.1, we examine the im-

pact of temporal preservation weight on motion structure discovery. The bottom

row of Figure 5.3 illustrates the trade-off between motion completeness and seg-

mentation quality. Small values (e.g., λtemporal = 1.0) fail to adequately preserve

temporal motion patterns, resulting in insufficient rigid-part identification. Con-

versely, excessively large values (e.g., λtemporal = 100.0) lead to over-segmentation,
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Figure 5.4: Visualization samples of our method.

where the model creates too many rigid parts to minimize temporal approxima-

tion error. Our analysis reveals that λtemporal = 10.0 achieves optimal performance,

balancing motion preservation with appropriate part segmentation.

Based on these explorations, we adopt the following hyperparameter configuration

for all subsequent experiments: λspatial = 0.1, and λtemporal = 10.0, utilizing up to

512 sparse control points and a maximum of 8 quasi-rigid parts. This constitutes a

highly compact representation compared to per-Gaussian parameterization–canonical

Gaussians typically have 50,000-80,000 points even after the pruning processes.

Table 5.1: Quantitative comparison on ARTEMIS-DFA.

PSNR ↑ SSIM ↑ LPIPS ↓ FVD ↓ FID-VID ↓ CLIP ↑
Consistent4D [63] 24.73 0.918 0.157 1025.67 37.42 0.895
DreamGaussian4D [62] 28.52 0.929 0.168 1132.85 39.16 0.903
4DGen [221] 24.86 0.912 0.164 1087.33 71.58 0.881
STAG4D [65] 25.41 0.922 0.152 1189.72 44.93 0.887
SC-4D [81] 27.38 0.924 0.145 1052.19 38.84 0.898
DreamMesh4D [66] 29.12 0.922 0.138 812.53 22.18 0.916
MotionStruct4D 30.68 0.925 0.134 769.39 19.67 0.919
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5.5.3 Qualitative & Quantitative Results

As shown in Tab. 5.1, experimental results on our ARTEMIS-DFA benchmark

demonstrate that MotionStruct4D achieves superior performance across all evalu-

ation metrics, with the highest PSNR (30.68) and CLIP score (0.919), and the low-

est perceptual distortion metrics (LPIPS: 0.134, FVD: 769.39, FID-VID: 19.67).

Our method consistently outperforms all baseline approaches, validating the ef-

fectiveness of our motion structure discovery and weighted dense-to-sparse opti-

mization strategy. As demonstrated in Figure 5.4, the identified quasi-rigid parts

provide meaningful interpretability: for instance, the cat’s tail is segmented as

an independent part since it exhibits distinct swaying motion while walking, con-

trasting with foxes and wolves where the tail moves cohesively with the posterior

body and is thus grouped within the same quasi-rigid part.

Limitations. Despite the overall effectiveness of our approach, certain challeng-

ing scenarios expose limitations of our method. As illustrated in Figure 5.4 with

the running lion example, when objects undergo substantial displacement com-

bined with extensive deformation, our model encounters difficulty in identifying

specific quasi-rigid parts. In such cases, the method tends to treat the entire body

as a single rigid entity, with the overall body displacement captured as the primary

rigid movement.

Table 5.2: Ablation studies on validation data.

Exp. Components Metrics

Group Temp.
Cue

Spat.
Cue

Rigid
Mot.

Non-rigid
Mot.

Dense-to-sparse
Fusion

Weight
Fusion PSNR ↑ SSIM ↑ LPIPS ↓ FVD ↓ FID-VID ↓ CLIP ↑

(a) ✓ 22.3 0.795 0.288 272 35.1 0.889
(b) ✓ ✓ ✓ 25.3 0.841 0.213 195 28.2 0.918
(c) ✓ ✓ ✓ ✓ 28.5 0.875 0.171 173 24.7 0.941
(d) ✓ ✓ ✓ ✓ ✓ 29.7 0.894 0.148 156 22.5 0.959
(e) ✓ ✓ ✓ ✓ ✓ ✓ 30.2 0.908 0.136 145 20.9 0.965

117



University of Oxford Wolfson College

5.5.4 Ablation Studies

To validate the effectiveness of each component in our MotionStruct4D frame-

work, we conduct comprehensive ablation studies on our curated benchmark dataset.

Tab. 5.2 presents quantitative results across different component combinations.

(a) Baseline: Pure Non-rigid Motion. We begin with a baseline configuration

that only employs non-rigid deformation without any motion structure discovery.

This approach treats all Gaussian movements as independent per-point deforma-

tions, similar to conventional deformable 3D Gaussian methods. The results show

reasonable performance (PSNR: 22.3, SSIM: 0.795) but significant limitations in

handling structured motions, as evidenced by higher perceptual distortion (LPIPS:

0.288) and poor temporal consistency (FVD: 272). This baseline demonstrates the

challenges of modeling complex object motion without incorporating structural

priors.

(b) Adding Spatial Coherence Preservation. Incorporating spatial coherence

preservation while introducing rigid motion modeling leads to substantial im-

provements across all metrics. The spatial cue Lspatial ensures neighboring Gaus-

sian points maintain consistent rigid-part assignments. The reduction in FVD

(272→195) and FID-VID (35.1→28.2) indicates better temporal consistency and

overall motion quality.

(c) Incorporating Temporal Change Preservation. The addition of temporal

cuesLtemporal represents a critical enhancement in motion structure discovery. This

combination enables the model to effectively identify quasi-rigid parts by preserv-

ing both temporal dynamics and spatial relationships. Performance improvements

are substantial: PSNR increases to 28.5, SSIM to 0.875, while LPIPS decreases
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significantly to 0.171. The further reduction in FVD (195→173) demonstrates

superior temporal consistency.

(d) Weighted Fusion of Rigid-Nonrigid Motions. Introducing the learnable

weight moduleWτ (Eq. 5.6) that adaptively balances rigid and non-rigid motion

contributions yields consistent improvements across all metrics. The weighted fu-

sion mechanism allows different regions to emphasize appropriate motion types—rigid

parts benefit from structured transformations while detailed areas leverage non-

rigid deformations. This results in PSNR reaching 29.7, SSIM improving to 0.894,

and further reduction in perceptual metrics (LPIPS: 0.148, FVD: 156).

(e) Dense-to-Sparse Optimization Strategy. The complete framework incor-

porating dense-to-sparse optimization achieves the best performance across all

metrics. The transition from dense per-Gaussian deformation to sparse control

points significantly reduces computational complexity while maintaining expres-

siveness. Final results show PSNR of 30.2, SSIM of 0.908, and the lowest per-

ceptual distortions (LPIPS: 0.136, FVD: 145). This configuration demonstrates

that our hierarchical optimization strategy effectively integrates motion structure

discovery with efficient sparse control, resulting in superior motion fidelity and

novel view synthesis quality.

5.6 Conclusion

Video Demonstrations. The nature of 4D generation—rendering dynamic 3D

content across arbitrary viewpoints and timestamps—demands visual evaluation

beyond what static figures can convey. We therefore provide comprehensive video
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demonstrations on the project webpage.1 The webpage showcases: (1) 4D gen-

eration results rendered from multiple novel viewpoints (e.g., 15°, −75°, 105°,

195°), demonstrating the multi-view consistency of our reconstructed scenes; and

(2) the discovered quasi-rigid part segmentations at each viewpoint, illustrating

how MotionStruct4D disentangles global rigid movements from local non-rigid

deformations. These video results complement the quantitative metrics reported in

the preceding sections and provide direct visual evidence of our method’s ability

to generate temporally coherent, spatially consistent 4D content from single-view

monocular video.

In this work, we present MotionStruct4D, a novel approach for video-to-4D gener-

ation that addresses the fundamental challenge of inferring plausible 3D geometry

and motion from single-view monocular videos. Our main contributions include:

(1) a self-supervised motion structure discovery module that identifies quasi-rigid

parts by preserving spatio-temporal relationships without explicit 3D supervision;

(2) a weighted dense-to-sparse optimization architecture that balances rigid and

non-rigid motions through adaptive fusion; and (3) a comprehensive benchmark

dataset featuring substantial object displacement and diverse articulated motion

patterns. Extensive experimental validation demonstrates MotionStruct4D’s supe-

rior performance across multiple metrics. The explicit modeling of motion struc-

ture not only enhances generation quality but also provides interpretable insights

into object dynamics, making our approach particularly valuable for applications

requiring motion understanding.

Together with the semantic classification framework of Chapter 3 and the mo-

tion analysis method of Chapter 4, MotionStruct4D completes the multi-level

representation programme outlined in Chapter 1. Across the three contribution

1https://jx-zhong-for-academic-purpose.github.io/
MotionStruct4DPage/

120

https://jx-zhong-for-academic-purpose.github.io/MotionStruct4DPage/
https://jx-zhong-for-academic-purpose.github.io/MotionStruct4DPage/


University of Oxford Wolfson College

chapters, a common thread emerges: each method exploits domain-specific struc-

tural priors—kinematic surfaces, SE(3) equivariance, and rigid–non-rigid mo-

tion decomposition—to achieve strong performance under practical constraints

of computational cost, annotation availability, or data scarcity. Chapter 6 synthe-

sises these collective insights, examines the relationships and limitations of the

three contributions, and charts directions for future research.
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6 | Conclusion and Future Directions

This thesis began with the assertion that the cornerstone of enhanced machine au-

tonomy lies in the capacity to comprehend and interact with the three-dimensional

world. We identified a critical gap: while deep learning has achieved remarkable

success in static point cloud processing, the dynamic nature of real-world environ-

ments—encompassing both spatial and temporal dimensions—presents formidable

challenges that static models cannot address. This observation motivated our cen-

tral research question: How can we develop effective deep representations for

dynamic point clouds that address fundamental challenges at different levels

of abstraction?

Through systematic investigation across three representational levels—high-level

semantic understanding, intermediate-level motion analysis, and low-level geo-

metric reconstruction—we have demonstrated that this question can be answered

through a collection of targeted techniques, each addressing the primary chal-

lenge at its respective level while maintaining the cross-cutting requirement for

high-quality outputs. This chapter reflects on our contributions, examines their

collective impact, and charts directions for future research.

6.1 Summary of Contributions

Our research has resulted in three distinct yet complementary contributions that

directly address the fundamental sub-questions posed in Chapter 1.2. Each tech-

nique operates at a different level of abstraction, tackling its specific primary chal-

lenge while maintaining high-quality standards.
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6.1.1 Addressing High-level Semantic Understanding

At the highest level of abstraction, we confronted the challenge of low-cost de-

ployment through Kinet (Chapter 3), a kinematics-inspired neural network that

seamlessly extends static architectures to dynamic 3D video classification. By

generalizing space-time surfaces to the feature space and unrolling the ST-normal

solver differentiably, Kinet achieves state-of-the-art accuracy (93.27% on MSRAction-

3D) with minimal computational overhead (3.20M parameters, 10.35G FLOPs).

This contribution directly answers our first sub-question: machines can under-

stand semantic content in dynamic scenes by efficiently aggregating spatio-temporal

information without explicit point-wise correspondence tracking. The lightweight

design ensures practical deployability in real-time applications where immediate

action recognition is required.

6.1.2 Achieving Intermediate-level Motion Analysis

The intermediate level presented the challenge of annotation-free generaliza-

tion, addressed through our unsupervised part-level SE(3)-equivariant framework

(Chapter 4). By exploiting geometric equivariance properties and developing

self-supervised training strategies, our method achieves robust rigid segmentation

(63.8% AP on SAPIEN) and motion estimation without manual labels.

This addresses our second sub-question: motion patterns can be extracted from

dynamic point clouds by leveraging the inherent structure in rigid transformations

and the interrelationships among scene flow, segmentation masks, and transfor-

mations. The lightweight architecture (0.25M parameters, 0.92G FLOPs) ensures

efficient deployment while the geometric priors enable generalization to unseen

object categories.
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6.1.3 Enabling Low-level 4D Reconstruction

At the foundational level, we tackled the challenge of data efficiency with Mo-

tionStruct4D (Chapter 5), enabling video-to-4D generation from single-view monoc-

ular inputs. Through self-supervised motion structure discovery and weighted

dense-to-sparse optimization, our method reconstructs complete 4D representa-

tions while working with minimal observational data.

This answers our third sub-question: complete 3D dynamics can be captured

by discovering and exploiting motion structures within the data, decomposing

movements into rigid and non-rigid components, and efficiently balancing these

through adaptive optimization. The superior performance on ARTEMIS-DFA

(PSNR: 30.68, FVD: 769.39) demonstrates that data-efficient 4D reconstruction

is achievable even from severely limited inputs.

6.2 Synthesis and Collective Impact

6.2.1 Addressing the Overarching Research Question

Returning to our overarching research question, this thesis shows that effective

deep representations for dynamic point clouds can arise from addressing distinct

aspects of the problem with targeted solutions. Rather than pursuing a monolithic

solution, we address three different facets of dynamic point cloud understand-

ing, each with clear goals and distinct sources of difficulty. At each level, we

target the primary practical bottleneck—low-cost deployment at the semantic

level, annotation-free generalization at the motion level, and data efficiency at the

reconstruction level—so that advances translate directly into deployable capabil-

ity. Throughout, we maintain output quality as a non-negotiable requirement,

ensuring that each technique can stand alone as an independent contribution. Cru-
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cially, progress at all three levels is enabled by exploiting inherent structure in

the data: kinematic relationships guide semantic aggregation, geometric equiv-

ariance constrains part-level motion, and motion decomposition organizes 4D re-

construction. Taken together, these choices demonstrate a coherent research pro-

gramme for building accurate and efficient representations of dynamic 3D envi-

ronments, even though the individual techniques are not architecturally coupled.

6.2.2 Relationship Among Contributions

It is important to be explicit about how the three contributions relate in practice.

While they are organized along a spectrum from semantic to geometric repre-

sentations, they were developed independently and do not form a tightly cou-

pled pipeline. Each method has its own input format (point cloud sequences for

Kinet, discrete frame pairs for the SE(3) framework, monocular video for Mo-

tionStruct4D), its own training paradigm (supervised classification, unsupervised

self-training, optimization-based generation), and its own evaluation criteria. The

methods do not share learned representations, and the output of one is not used as

input to another in any experiment presented in this thesis.

Whether direct integration of these methods is feasible remains an open question.

In principle, one could envision a system where Kinet provides high-level activity

labels that inform the motion analysis module about expected motion patterns, or

where the rigid-part segmentation from Chapter 4 provides structural priors for the

4D reconstruction in Chapter 5. However, several practical barriers prevent such

unification at present: (1) the methods operate on different data modalities and

at different temporal granularities; (2) the training procedures are fundamentally

different (end-to-end supervised learning vs. self-supervised optimization); and

(3) the computational requirements of a combined system would be substantially

larger than any individual component, undermining the efficiency advantages that
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each method offers in isolation. Among possible partial integrations, the most

natural starting point would be feeding the rigid-part segmentation of Chapter 4

into MotionStruct4D’s motion decomposition, since both methods share the as-

sumption of piecewise-rigid dynamics and operate on compatible geometric rep-

resentations; even this limited coupling, however, would require reconciling their

different supervision signals and temporal granularities. We view the broader ex-

ploration of such integration as a promising but non-trivial direction for future

research, as discussed in Section 6.3.2.

6.2.3 Theoretical and Practical Implications

6.2.3.1 Theoretical Implications

Our results suggest that complex perceptual problems benefit from multi-level

formulations that respect natural abstraction boundaries: semantics, part-level

motion, and geometry each admit different inductive biases and learning signals,

and treating them separately but compatibly improves stability and sample effi-

ciency. We further show that domain-specific priors—kinematics for temporal

aggregation, equivariance for motion analysis, and motion structure for recon-

struction—can be embedded in modern architectures without sacrificing flexibil-

ity, yielding better generalization from limited supervision. Finally, the observed

performance of our intermediate module indicates that self-supervised learning

under geometric and physical constraints is a promising route to high-quality

models when annotations are scarce or unavailable.

6.2.3.2 Practical Implications

From an application standpoint, the proposed methods are designed with compu-

tational efficiency in mind, enabling deployment on resource-constrained plat-
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forms where latency and power budgets are tight. The annotation-free nature

of the motion analysis module lowers the cost of entering new domains, since

part-level motion can be learned without curated labels. Moreover, the ability

to reconstruct complete 4D representations from single-view inputs broadens

the reach of dynamic scene understanding to settings where multi-view capture

is impractical—such as mobile robotics, in-the-wild AR, and low-infrastructure

industrial inspection—thereby expanding the impact of the overall framework.

6.3 Limitations and Future Research Directions

While our contributions advance the state of the art in dynamic point cloud pro-

cessing, several open issues delimit the current scope and point to promising di-

rections.

6.3.1 Current Limitations

Temporal scope. Our models are validated primarily on short to medium se-

quences (e.g., 16–32 frames for Kinet and 2–4 frames for the SE(3)-equivariant

framework). Such windows are sufficient for local motion cues and short ac-

tions, but they under-represent long-range dependencies, delayed causal effects,

and activity phases that unfold over minutes. Extending temporal coverage with-

out incurring prohibitive memory and compute costs remains a central challenge.

Motion complexity. The intermediate-level method is tailored to piecewise-rigid

dynamics and excels when object parts admit SE(3) motions. However, highly

deformable phenomena—cloth, soft tissues, or fluids—violate rigid assumptions

and demand representations that can express continuous non-rigid fields while re-

taining stability and physical plausibility. Bridging from rigid parts to smoothly

varying deformation spaces is non-trivial and calls for stronger priors and regular-
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ization.

Scene complexity. Most experiments target single-object or lightly interactive

scenes. In densely populated environments with many agents and contact events,

occlusions, multi-body constraints, and long-range interactions conspire to de-

grade correspondence and segmentation quality. Scaling gracefully to crowded,

cluttered scenes will require stronger relational reasoning and improved handling

of occlusion and re-identification.

Real-time performance. Although each component is computationally efficient

in isolation, achieving end-to-end real-time performance across all three levels on

embedded hardware is not yet guaranteed. Meeting tight latency and energy bud-

gets while preserving accuracy will likely require algorithm–system co-design,

model compression, and hardware-aware scheduling.

6.3.2 Future Research Directions

The landscape of dynamic 3D perception is evolving rapidly, driven by advances

in foundation models, world models, and large-scale generative systems. Below

we discuss how these trends, together with immediate methodological extensions,

create opportunities for extending the methods presented in this thesis.

6.3.2.1 Immediate Extensions

A first avenue is a unified multi-level architecture that couples high-level seman-

tics, part-level motion, and low-level reconstruction within a single optimization

or training loop. Such integration would allow cross-level constraints—e.g., se-

mantic priors guiding motion grouping, or reconstructed geometry feeding back

into recognition—to resolve ambiguities that are difficult for any single level

alone. As discussed in the preceding section, this remains non-trivial due to dif-
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ferences in data modalities, training paradigms, and computational requirements,

but represents a compelling long-term goal.

A second priority is long-horizon temporal modeling. Hierarchical memories,

recurrent implicit states, or efficient attention schemes over sparsified keyframes

could capture dependencies over thousands of frames while limiting quadratic

costs.

Finally, extending the intermediate representation toward non-rigid motion sug-

gests learning low-dimensional deformation manifolds or implicit deformation

fields that remain compatible with equivariance where possible, thus preserving

the benefits of self-supervision while broadening applicability to soft and articu-

lated objects with complex elasticity.

6.3.2.2 Scaling to Large Datasets and Integration with Foundation Models

The rapid progress in 3D foundation models (e.g., Point-BERT [107], Point-

MAE [108], Uni3D [109], PointGPT [110]) and large-scale 3D datasets (e.g.,

Objaverse [120]) opens significant opportunities for the methods presented in this

thesis. Kinet’s design as a lightweight temporal adapter makes it naturally suited

for integration with pre-trained 3D foundation models: one could replace the

static backbone with a foundation model and fine-tune only the kinematic learning

units, potentially achieving stronger performance with minimal additional train-

ing. Similarly, the SE(3)-equivariant framework could benefit from foundation

model features as initialization, reducing the reliance on self-supervised training

signals.

For MotionStruct4D, the emergence of large-scale video generation models and

multi-view diffusion models (e.g., SV3D, SV4D [64]) suggests that stronger gen-

erative priors could replace or augment the SDS-based supervision currently used,
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potentially improving both quality and training efficiency. The integration of ex-

plicit motion structure awareness (as in our approach) with the implicit knowledge

captured by large generative models represents a particularly promising research

direction.

6.3.2.3 World Models and Dynamic 3D Perception

World models that learn predictive representations of environment dynamics (e.g.,

GAIA-1 [116], OccWorld [117]) represent an emerging paradigm for dynamic 3D

understanding. These models learn to predict future states of 3D environments,

effectively capturing scene dynamics at a holistic level. Our methods could con-

tribute to this paradigm in several ways: Kinet’s efficient temporal encoding could

serve as a component within world model architectures; the rigid-part decomposi-

tion from Chapter 4 could provide structured state representations for world model

prediction; and MotionStruct4D’s motion decomposition could inform the design

of structured latent spaces for world models that separate rigid and non-rigid dy-

namics.

Such integration is not straightforward, however. Existing world models typi-

cally operate on dense, regular representations (voxel grids, BEV maps, or pixel-

aligned features) and are trained on large-scale driving or embodied-agent datasets,

whereas our methods consume sparse, irregular point clouds and are developed

on smaller-scale benchmarks. Bridging this representational gap—for example,

through hybrid sparse-dense encoders or point-to-voxel projection layers—would

be a prerequisite for practical coupling. Nevertheless, we believe the explicit

structural and motion priors our methods provide could complement the learned

implicit dynamics of world models, potentially improving their sample efficiency

and physical plausibility.
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6.3.2.4 Geometry Extraction in Generative Systems

As 3D and 4D generative systems become more capable, extracting reliable ge-

ometric information from generated content becomes increasingly important for

downstream applications in robotics, simulation, and augmented reality. Current

generative approaches often produce visually plausible but geometrically incon-

sistent outputs—thin structures collapse, genus changes appear across frames, and

metric scale drifts during motion. The motion structure awareness introduced in

MotionStruct4D addresses this partially by enforcing rigid-body constraints, but

our experiments also reveal remaining failure modes: topology-changing defor-

mations (e.g., a hand opening or cloth tearing) can violate the piecewise-rigid

prior, and single-view inputs leave depth ambiguities that propagate into recon-

structed geometry. Future work could integrate differentiable physics simulators

or topology-preserving regularizers into the generation pipeline to enforce phys-

ical plausibility more broadly. The development of geometry-aware evaluation

metrics—beyond visual quality scores—and physics-informed generation objec-

tives represents an important direction for making generative 4D content practi-

cally useful.

6.3.2.5 Broader Research Agenda

Beyond short-term engineering, we envision foundation models for dynamic

point clouds trained at scale with multi-task objectives and self-supervised sig-

nals, providing strong universal priors for downstream robotics and perception

tasks. Complementarily, active perception—controlling viewpoints or manipu-

lating the scene to disambiguate hypotheses—can close the loop between sens-

ing and action, particularly in robotic settings where agency is available. Richer

cross-modal learning that fuses point clouds with RGB, audio, language, and

proprioception promises more complete scene understanding and more natural hu-
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man–robot interaction. Finally, physics-informed learning that embeds differen-

tiable simulators or explicit constraints can improve generalization and guarantee

physically plausible predictions, especially for motion forecasting and planning.

6.3.2.6 Societal Considerations

As dynamic 3D understanding matures, its societal footprint must be consid-

ered in parallel with technical advances. Privacy and surveillance concerns

arise when human activities are inferred at scale; privacy-preserving represen-

tations, on-device processing, and auditable data governance are essential safe-

guards. Equally important is accessibility: focusing on computational and data

efficiency can lower the barrier to adoption and ensure benefits extend to cost-

sensitive domains such as assistive technologies and public-interest robotics. Fi-

nally, safety and reliability are paramount for deployment in safety-critical ap-

plications—from autonomous driving to surgical robotics—where calibrated un-

certainty, robust out-of-distribution detection, and formal verification of control

loops can mitigate risk.

6.4 Concluding Remarks

This thesis embarked on a journey to bridge the gap between static point cloud

processing and the dynamic reality of our three-dimensional world. Through sys-

tematic decomposition of the problem into three levels of abstraction and targeted

solutions for each level’s primary challenge, we have demonstrated that effective

deep representations for dynamic point clouds are not only possible but can be

achieved with practical efficiency.

The progression from recognizing the limitations of static models in Chapter 1

to developing three complementary techniques represents a broad exploration of
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dynamic point cloud understanding across different levels of abstraction. While

these contributions are thematically connected, they are technically independent

and should be understood as addressing distinct facets of a multifaceted problem

rather than as layers of a single integrated system.

As we stand at the intersection of continued sensor proliferation and advancing AI

capabilities, the ability to understand dynamic 3D environments becomes increas-

ingly critical. The techniques presented in this thesis—Kinet for efficient semantic

understanding, SE(3)-equivariant framework for annotation-free motion analysis,

and MotionStruct4D for data-efficient 4D reconstruction—provide practical tools

for this understanding while respecting real-world constraints of computational

resources, annotation availability, and data scarcity.

Looking ahead, the foundations laid by this work open numerous avenues for fu-

ture exploration. The success of our approach—addressing distinct challenges

with targeted, efficient solutions—suggests that similar problem decompositions

might benefit other complex perceptual problems. The effectiveness of incorporat-

ing domain-specific priors (kinematics, equivariance, motion structure) validates

the continued importance of integrating physical understanding into learning sys-

tems. Most importantly, the demonstrated ability to achieve high-quality results

with practical efficiency brings us closer to the ultimate goal stated in our open-

ing: enhancing machine autonomy through comprehensive understanding of our

dynamic three-dimensional world.

The journey from static snapshots to dynamic understanding represents not merely

a technical evolution but a fundamental leap toward machines that can truly per-

ceive, comprehend, and interact with the world as it actually exists—constantly

changing, richly structured, and full of motion. Through the contributions of this

thesis, we have taken significant steps toward realizing this vision, providing both
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theoretical insights and practical solutions that advance the frontier of dynamic

point cloud processing.
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A | Appendix of High-level Representation Learn-

ing (Chapter 3)

In Chapter 3, we proposed Kinet, a kinematics-inspired network that generalizes

the concept of ST-surfaces to the feature space for dynamic point cloud classifica-

tion. More specifically, we detail the model architecture and the unrolled normal

solver, and report results on NvGesture, SHREC’17, MSRAction-3D, and NTU-

RGBD. This appendix provides the implementation and training details neces-

sary for reproducibility: backbone configurations, feature dimensions, temporal

windowing, data preprocessing and augmentation, optimization settings, hyper-

parameters, and evaluation protocols. We also describe the software/hardware

environment and runtime characteristics. In addition, this appendix complements

the empirical study presented in Chapter 3 by providing extended ablations and

diagnostics. We examine the contribution of each architectural component (e.g.,

the ST-surface-inspired solver, temporal receptive field, and backbone choices),

analyze sensitivity to hyperparameters, and report additional cross-dataset evalu-

ations.

A.1 Implementation Details

A.1.1 Matrix Inversion

Equation (6) in the main body of this thesis is to fit the group-wise ST-surface via

the closed-form least-squared solution:

[AT∗
k , b∗k] = (F

(t)T
i,k W

(t)
i,kF

(t)
i,k )

−1F
(t)T
i,k W

(t)
i,k τττ

(t)
i,k , (A.1)
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where the weight matrix W
(t)
i,k = diag(w

(τ)
1,k , ..., w

(τ)

|N(t)
i |,k

) ∈ R|N(t)
i |×|N(t)

i |, the fea-

ture matrix F
(t)
i,k = [(f1,k, 1), .., (f|N(t)

i |,k, 1)] ∈ R|N(t)
i |×(d+1) and the time vector

τττ
(t)
i,k ∈ R|N(t)

i |.

Note that we do not utilize the default implementation of matrix inversion on

Tensorflow [157] since the default implementation using the LU decomposition is

specially designed for large matrices. In our settings, matrices are relatively small

in each group and we adopt home-brew approaches to matrix inversion. Given an

n× n square matrix M ∈ Rn×n, we inverse the matrix according to its size.

In the case of extremely small matrices (n ≤ 4), we directly inverse the matrix

with element-wise calculations. For example, let M =
(
m1 m2
m3 m4

)
∈ R2×2. The

inversion of this matrix is M−1 = 1
m1m4−m2m3

(
m4 −m2
−m3 m1

)
, where m1m4 −m2m3

is clipped to the minimal value of 1× 10−6 for the numerical stability of singular

matrices. In terms of medium matrices (4 < n ≤ 16), we recursively inverse

the partitioned matrices based on the aforementioned element-wise operations for

small matrices. For the case n > 16, we leverage Cholesky decomposition [245]

to solve the matrix inversion.

A.1.2 Network Structures

A.1.2.1 Kinet: MLP-based Backbone (PointNet++)

The MLP-based methods separately model every point with shared multi-layer

perceptions (MLPs), followed by a symmetric aggregation (e.g., max pooling) to

fuse order-invariant information. In this thesis, we choose PointNet++ [28] as

our MLP-based backbone for static point clouds. For a fair comparison, we keep

the number of parameters in each layer identical to FlickerNet [82], one of the

state-of-the-art gesture recognition networks on sequential point clouds.
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A.1.2.2 Kinet: Graph-based Backbone (DGCNN)

Unlike the MLP-based backbones independently capturing point-level represen-

tations, graph-based methods model point-wise interactions by regarding a point

cloud as a graph, of which each point is the vertex and edges are established upon

the neighboring distribution of these points. For the graph-based paradigm, we

conduct experiments on the static backbone of DGCNN [31] and keep the default

settings of layer-wise parameters including the feature aggregation of the channel-

wise additions in [31].

A.1.2.3 Kinet: Conv.-based Backbone (SpiderCNN)

Different from the other two paradigms using graphs or MLPs, the conv.-based

models directly devise the convolution, particularly for unstructured point clouds.

We adopt SpiderCNN [142] as our convolution-based static backbone and keep

the same layer-wise settings including the feature aggregation of concatenation

and top-k pooling.

A.1.3 Training Configurations

The proposed framework is implemented with Tensorflow [157]. All experiments

are conducted on the NVIDIA DGX-1 stations with Tesla V100 GPUs. During the

training stage, the hyper-parameters are batch_size = 16, base_learning_rate =

0.001, with an Adam optimizer [246]. The number of training epochs depends on

various datasets: 200 epochs on NvGesture/SHREC’17, 150 epochs on MSRAction-

3D, and 20 epochs on NTU-RGBD. For training stability, we first train the static

backbone (spatial stream) until convergence and then freeze its weights to indi-

vidually optimize the dynamic branch (temporal stream). To make full use of the

features in various scales, multiple layers are connected to output the final results.
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As for the hyper-settings of Kinet itself, we set the ratio of feature reduction as

50%, group-wise dimensions d = 4, temporal radius ∆t = 1, and spatial radius

∆r = 0.5, respectively.

A.1.4 Point Activation Clouds

This concept stems from FlickerNet [82], which indicates the highlighted points of

a model. Likewise, P4Transformer [16] and PSTNet [15] have similar visualiza-

tion concepts of the attentional values and the convolutional outputs, respectively.

For readability, we formulate the concept of Point Activation Clouds (PACs) for

the proposed two-stream framework.

Given a frame Pt of point clouds at the tth time step, denote the activated feature

vector of the ith point p(t)i in the lth layer as ϕϕϕl(p
(t)
i ). The PAC of a centroid p

(t)
i in

this layer is defined as:

PAC l(p
(t)
i ) = max

ϕl∈ϕϕϕl

max
p
(τ)
j ∈N(t)

i

ϕl(p
(τ)
j ) , (A.2)

where N
(t)
i is the space-time neighbor set of p(t)i . Thus, the larger PACs reflect

the greater activated values for these centroids, which highlights the discernible

outputs in the lth layer.

In the main body of this thesis, we visualize the PACs of the last layer before

the first max-pooling operation in the static stream of PointNet++ [28] and the

corresponding layer in our dynamic branch.
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A.1.5 Point-wise Scene Flow Estimation of Flow-based Base-

lines

In Section 4.3 of the main body, a self-supervised framework Justgo [24] is trained

to estimate scene flow and we adopt it as an additional input in the setting 3). Note

that Kinet does not require scene flow and setting 3) serves as the flow-based

baseline.

A.1.5.1 Self-supervised Training Details

Based on the model pre-trained on Flythings3D [106], we train the scene flow

estimator with the following hyper-parameters: batch_size = 8, radius = 5,

flip_prob = 0.5, base_learning_rate = 0.001, with an Adam optimizer [246].

The balancing weight of the nearest neighbor loss and the cycle loss is set as 1:1.

A.1.5.2 Inference

The scene flow is first extracted by applying the trained Justgo model. Then, we

scale the estimated scene flow to the same range of the raw point clouds, so that

a static model with default hyper-parametric settings can be directly applied to

the input modality of scene flow. Note that the number of parameters in a trained

Justgo (excluding the parameters of the Adam optimizer) achieves 3.54M. For

a 16-frame snippet with 2048 points per frame, the snippet-wise computational

complexity of scene flow extraction is 154.29G FLOPs. The computational over-

head of scene flow estimation is considerable.

A.1.5.3 Visualization

As depicted in Figure A.1b, scene flow is decently estimated between two consec-

utive frames (as depicted in Figure A.1a) with the self-supervised network. It is
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observed that key motions of the runner’s legs are well captured but the interpola-

tion results for the runner’s head are insufficiently accurate: scene flow estimation

without explicit supervision is a highly challenging task. As one of the input

modalities for a vanilla two-stream model, the scaled scene flow in Figure A.1c

highlights the legs’ movements, still preserving crucial dynamic information.

A.2 Detailed Experimental Results

Model FLOPs (G) #PARAMS (M) Accuracy (%)
Static PointNet++ [28] 4.82 2.13 84.30

Flow-based Two Streams (PointNet++) 163.93 7.79 90.23
Kinet (Pointnet++) 10.35 3.20 91.92
Static DGCNN [31] 5.33 5.25 84.18

Flow-based Two Streams (DGCNN) 164.95 14.04 89.56
Kinet (DGCNN) 5.83 5.85 89.82

Static SpiderCNN [142] 13.40 8.03 83.49
Flow-based Two Streams (SpiderCNN) 181.09 19.60 89.23

Kinet (SpiderCNN) 15.29 8.62 88.54
MeteorNet [14] 1.70 17.60 88.21

PSTNet [15] 54.09 8.44 89.90
P4Transformer [16] 40.38 42.07 89.56

Table A.1: Quantitative results of parameter number, FLOPs and accuracy on
16-frame MSRAction-3D.

A.2.1 Quantitative Computational Costs

In section 4.3 of the main body, we conduct 3 groups of experiments: 1) Di-

rectly feed videos into the static model; 2) Fuse the static model and the dynamic

branch; 3) Ensemble classification scores from two static models, one is trained

on the raw point clouds, while the other is trained on estimated scene flow. As

shown in Table A.1, the extra input modality of estimated scene flow in setting 3)

(+S, Flow-based Two Streams) considerably improves the accuracy of the three

static models (Static PointNet++, DGCNN and SpiderCNN) to a level comparable
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to the state-of-the-art. However, the scene flow estimator and another flow-based

classifier almost triple the number of parameters. Even worse, the estimation

of scene flow introduces more than 150G FLOPs of extra calculations since the

point-wise dense predictions are required between every two consecutive frames.

For setting 2) (+Ours, Kinet), it is observed that our kinematic representations

consistently increase the accuracy of the static predictions by 5.99%∼9.04% rel-

ative gains. By utilizing the kinematic representations, the FLOPs only increases

to 5.83G∼15.29G, and the number of parameters increases by 0.59M∼1.08M.

These computing overheads are negligible and make the fused model extremely

lightweight.

A.2.2 Per-class Performance Gains

Following Liu et al. [14], we report the performance gains over the original static

model on MSRAction-3D. Under the same experimental configurations as the

main body, we take 16 frames as an input unit and sample 2048 points for each

frame. By comparing with the baseline (PointNet++) accuracy of setting 1), we

report the performance changes of setting 2) and 3) in per-class action categoriza-

tion.

As illustrated in Figure A.4a, our dynamic branch significantly improves the clas-

sification accuracy of the static model. Noticeably, the categories of “High Throw”

and “Hand Catch” show more than 30% absolute performance gains and most of

the other performance changes achieve at least 20% improvements. There is only

one category (“Horizontal Arm Wave”) with about 6% performance decline. Fig-

ure A.4b demonstrates that the extra input modality of estimated scene flow also

boosts the overall performance. It has a large performance drop of more than

10% in the category of “High Arm Wave” and limited performance gains on many

classes. Compared with the raw scene flow, our kinematic approach has high ro-
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bustness and considerable improvements because it does not rely on the inaccurate

estimation of scene flow.

A.3 More Visualizations

A.3.1 Point-level Sequential PACs

Due to the page limitation in the main body, we visualize the depth videos and dy-

namic PACs in Figure 6 with the format of animations. In case the PDF reader can-

not display the animations normally, we provide the sequential images as shown

in Figure A.2.

Unlike most of the prior works only focusing on the background-free cases, we

adopt two input settings to verify whether Kinet can capture useful movements

and ignore meaningless ones: 1) w/ BBox (Figure A.2a) - used by a majority of

existing methods for high accuracy, based on the area inside the bounding boxes

of hand skeletons without background interference; 2) w/o BBox (Figure A.2d) -

raw videos with noisy backgrounds (the performer’s body). With bounding boxes

removing noisy backgrounds, the two streams work complementary - the static

branch (Figure A.2b) highlights the main parts (the palms) of spatial appearances,

whereas the temporal representations (Figure A.2c) capture key motions, such

as the movement of fingers and wrists. In the case with redundant backgrounds

(without bounding boxes), the static stream (Figure A.2e) excessively focuses on

the large yet useless background portions (the performer’s body), while the tempo-

ral stream (Figure A.2f) captures the moving parts (arms and fingers). Inevitably,

the temporal stream also highlights several redundant points of the performer’s

shaking head by mistake.
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A.3.2 Video-level t-SNE Features

Different from PACs encoding point-level activation in intermediate layers, the

last-layer features before the classifier aggregate the video-level information in

the whole model. To qualitatively analyze the video-level representations, we

project these last-layer features to the 2-dimensional space through t-SNE [247].

As shown in Figure A.3a & A.3b, in the cases without backgrounds (w/ BBox),

our dynamic branch (the temporal stream) has better intra-class compactness and

inter-class separability than the static one (the spatial stream). Though the dy-

namic branch shows overall superiority, the static stream is complementary to it:

the dynamic branch sometimes confuses the orange data points with the yellow

ones, while the static branch is capable of discriminating them correctly. In the

case with backgrounds (w/o BBox), Figure A.3c & A.3d demonstrate that the

background noises have negative impacts on both static and kinematic represen-

tations. In this case, our dynamic features are still highly robust to backgrounds

compared with the static ones.
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(a) Point Cloud

(b) Interpolation

(c) Scaled Flow

Figure A.1: Estimated point-wise scene flow of the flow-based baselines on
MSRAction-3D. The darker color indicates the greater depths (in point clouds)
or the larger motions (in scene flow). (a) is the input of raw point clouds. For
the frame interpolation in (b), the green points are the ground-truth point clouds,
while the blue points are the interpolation results based on the last frame and the
estimated scene flow. For the estimated scene flow in (c), it is normalized to the
same scale as raw point clouds.
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(a) Depth Maps, w/ BBox

(b) Spatial (Static), w/ BBox

(c) Temporal (Dynamic), w/ BBox

(d) Depth Maps, w/o BBox

(e) Spatial (Static), w/o BBox

(f) Temporal (Dynamic), w/o BBox

Figure A.2: Sequential raw depth inputs and point-level PACs on SHREC’17. In
PACs, the points in red have the highest activation values, while the blue ones are
the lowest activating points. The animations of the above figures can be found in
Figure 6 in the main body of our thesis.
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(a) Spatial (Static), w/ BBox (b) Temporal (Dynamic), w/ BBox

(c) Spatial (Static), w/o BBox (d) Temporal (Dynamic), w/o BBox

Figure A.3: Feature visualizations on SHREC’17 with video-level t-SNE. For clar-
ity, 8 out of the 28 classes are presented in the above figures. A video is visualized
as a data point, of which the same color means the identical ground-truth category.
The intra-class compactness and the inter-class separability reflect the representa-
tive ability of a model.
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Figure A.4: Per-class accuracy gains (%) over the static model on 16-frame
MSRAction-3D. The blue bar indicates the postive change, whereas the red one
represents the negative change.
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B | Appendix of Intermediate-level Motion Anal-

ysis (Chapter 4)

In Chapter 4, we investigated the problem of discovering approximately rigid seg-

ments in dynamic point clouds. We introduce the problem formulation and ob-

jective, and present our algorithmic pipeline and key theoretical intuitions. This

appendix provides (1) implementation details that were omitted for brevity, in-

cluding initialization strategies and convergence criteria, and (2) proof sketches

for the main propositions. We also include failure-case analyses and practical

heuristics that improve robustness in challenging scenes.

B.1 Implementation Details of Network Structure

B.1.1 Per-point Feature Extractor

For an input frame Pk, the feature extractor of EPN outputs per-point SE(3)-

equivariant representations Fk ∈ RN×|G|×D. The corresponding feature f i
k ∈

R|G|×D of a point pik can be viewed as a concatenation of different representa-

tions w.r.t. gj ∈ G over the rotation group dimension:

f i
k = [θ(pik, g1), θ(p

i
k, g2), · · · , θ(pik, g|G|−1), θ(p

i
k, g|G|)], (B.1)

where θ is a D-dimensional encoder based on a stack of convolution kernels. The

prediction module of vanilla EPN is designed for global SE(3)-equivariance for all

input points. Differently, our unsupervised multi-body task requires the model’s

ability to handle part-level local equivariance, especially under low-quality train-

ing signals. For this purpose, we further devise two heads for rigid segmentation
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and motion estimation. Figure B.1 demonstrates the detailed design of our EPN

feature extractor on SAPIEN, OGC-DR, and OGC-DRSV, and that on KITTI-SF

shares the same structure but has larger numbers of output dimensions accord-

ingly.

In
p

u
t (3

)

S
a

m
p

lin
g

M
a

x
-P

o
o

l

M
a

x
-P

o
o

l

M
a

x
-P

o
o

l

In
c
e

p
tio

n

In
c
e

p
tio

n

M
a

x
-P

o
o

l

C
o
n

v

M
a

x
-P

o
o

l

C
o
n

v

In
c
e

p
tio

n

In
c
e

p
tio

n

In
c
e

p
tio

n

In
c
e

p
tio

n

In
c
e

p
tio

n

In
c
e
p

tio
n

In
c
e

p
tio

n

A
v
g
-P

o
o

l

C
o

n
v

F
C

F
C

S
o

ftm
a

x

A
v
g
-P

o
o

l

C
o
n

v

F
C

S
o

ftm
a

x

A
v
g
-P

o
o

l

C
o
n

v

F
C

F
C

S
o

ftm
a
x

Auxiliary Classifier

Auxiliary Classifier

In
p

u
t (3

)

S
a
m

p
lin

g
 (3

)

G
ro

u
p

in
g
 (3

)

S
trid

ed
 E

P
N

C
o
n

v
 (3

2
)

E
P

N
C

o
n

v
 (3

2
)

E
P

N
C

o
n

v
(6

4
)

S
a
m

p
lin

g
 (6

4
)

G
ro

u
p

in
g
 (6

4
)

S
trid

ed
 E

P
N

C
o
n

v
 (6

4
)

E
P

N
C

o
n

v
 (6

4
)

E
P

N
C

o
n

v
(1

2
8
)

Figure B.1: Structure of our feature extractor based on EPN. The num-
ber in brackets denotes the output dimension of the corresponding convolu-
tion/operation. “EPNConv” is the SE(3)-equivariant convolution proposed in the
vanilla EPN network.

B.1.2 Point-level Invariant Segmentation Head

Rigid segmentation is an SE(3)-invariant task, as the predicted mask should re-

main consistent for the same points across various poses and positions. Tradi-

tional SE(3)-equivariant structures assume that all input points undergo the same

rigid transformation, which is not in alignment with the multi-body setting. To en-

code distinct transformations for individual input points, the equivariant features

θ(pik, gj) are aggregated into an invariant representation ui
k across the dimension

of the rotation group:

ui
k =

|G|∑
j

w(pik, gj)θ(p
i
k, gj), (B.2)

where w(pik, gj) ∈ [0, 1]|G| is a selection probability of discrete rotations in G, de-

rived through a 1×1 convolution. The weighted sum ui
k is invariant to rigid motion

given a point with its neighbors in the convolution receptive field. By fusing such

invariant representations ui
k(1) ∈ RD, · · · , ui

k(h) ∈ RD′ from h layers in the feature
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extractor, the segmentation head outputs a soft prediction M̂k ∈ [0, 1]N×S of the

rigid mask. The multi-layer invariant representations are aggregated through an

hourglass decoder, as shown in Figure B.2.

ConvolutionDownsampling Skip ConnectionBlock CopiedUpsampling Attention

Convolution 1x1
Dropout 0.2

Dropout 0.3

𝑢𝑘(1): 𝑁 × 𝐷

𝑢𝑘(ℎ): 𝑁′ × 𝐷’
⋯

Figure B.2: Structure of multi-layer aggregation. N ′ and D′ are the point number
and the feature dimension of the last invariant layer, respectively.

B.1.3 Part-level Equivariant Motion Estimation Head

Part-level SE(3)-equivariance is desirable for motion analysis, especially rotation

estimation. Based on the noisy predictions (M̂k, M̂l) of the frames (k, l) from the

head of rigid segmentation, the motion head is supposed to handle these uncertain

category-agnostic parts. First of all, the part-level SE(3) feature Vk,j ∈ RN×D×S

w.r.t. the rotation gj ∈ G of a single frame Pk is obtained from the per-point equiv-

ariant representations Fk and the predicted rigid mask M̂k:

Vk,j = {m̂1
k · θ(p1k, gj), m̂2

k · θ(p2k, gj), · · · , m̂N−1
k · θ(pN−1

k , gj), m̂
N
k · θ(pNk , gj)},

(B.3)

where m̂i
k is the element corresponding to a point pki in M̂k, and · is the broad-

cast operation of Hardamard product. Afterward, Vk,j over the rotation group G is

concatenated as Vk ∈ RN×|G|×D×S , followed by a permutation-invariant operation

σ : RN×|G|×D×S → R|G|×D×S (e.g., max pooling) over all the points to produce

part-level equivariant features Ṽk = σ(Vk). Between two frames (k, l), the part-

level rotation correlated feature Ckl ∈ R|G|×|G|×S is defined as:
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Ckl = ṼkṼ
T
l , (B.4)

where T is matrix transposition. Ckl is calculated upon “softly matching” within

each consistent rigid part, while the specific category labels can be agnostic to the

model. Based on the correlated feature Ckl, the motion head estimates rotation

R̂s
kl and translation t̂skl of each rigid part s. To be specific, the rotation regression

is implemented through a 1 × 1 convolution. Unlike the confidence-based selec-

tion in vanilla EPN for single-object pose regression, we choose the anchor gskl

from G by minimizing the registration error and then optimize the residual rskl. In

this case, the rotation is computed as:

R̂s
kl = gsklr

s
kl. (B.5)

The translation can be derived from the minimal weighted distance between the

transformed frame of Pk and the origin Pl:

t̂skl = argmin
t

d(R̂s
klPk + t, Pl), (B.6)

where d is the chamfer loss weighted by the mask predictions.

B.2 Implementation Details of Unsupervised Train-

ing Strategy

B.2.1 Hyper-settings of Model Training

The training settings for the model include a total of 40 epochs and a batch size of

16. The learning rate is initially set to 2.0× 10−4 and decays at a rate of 0.7 with

a minimum clip value of 1.0×10−4. The batch normalization momentum is set to
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0.9, which controls the smoothing of the batch normalization statistics. The decay

step is set to 2.0× 105, which determines the frequency at which the learning rate

decays.

B.2.2 Segmentation & Flow→Motion T̂s
kl

Following previous works [39, 40], we employ the weighted-Kabsch algorithm [212,

213] to determine part-level rigid transformation T̂s
kl given the estimates of scene

flow and rigid masks. Further, the motion head is optimized by the rotation

component of T̂s
kl, and estimates corresponding translation by minimizing our

probability-based part-level distance as follows:

dsprob = d(T̂s
kl ◦ (M̂ s

kPk), M̂ s
l Pl), (B.7)

where d is the chamfer loss. M̂ s
k and M̂ s

l is the predicted rigid masks of the sth

part for the frame Pk and Pl, respectively.

B.3 Datasets & Metrics

B.3.1 Datasets

SAPIEN, as described by [105], provides a collection of 720 simulated articulated

objects with annotations at the part instance level. Each object is represented by

4 sequential scans, with part instances exhibiting varying articulating states. Fol-

lowing the methodology of Huang et al. [39], we utilize the training data gener-

ated by Yi et al. [248]. Specifically, the dataset consists of 82092 pairs of point

clouds for training and 2880 single point cloud frames for testing. Both training

and testing point clouds are downsampled to 512 points.
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OGC-DR, proposed by Song and Yang [40], is applicable to both scene flow es-

timation and object segmentation tasks. By adhering to the approach outlined

by [249], they randomly positioned 4 to 8 objects from 7 classes of the ShapeNet

dataset [3], including chairs, tables, lamps, sofas, cabinets, benches, and displays,

within each room. A total of 3750 indoor rooms were generated for training pur-

poses, with an additional 250 for validation and 1000 for testing. Rigid dynamics

were introduced within each scene by applying continuous random transforma-

tions to each object and capturing 4 sequential frames for evaluation purposes.

Each point cloud frame was subsequently downsampled to 2048 points. Song and

Yang utilized the methodology proposed by Choy et al. [250] to partition different

object instances across train/val/test sets.

OGC-DRSV, expanded upon the OGC-DR dataset by Song and Yang [40], is col-

lected from single depth scans at each time step on the mesh models, designated

as Single-View OGC-DR. Due to self- and/or mutual occlusions, all object point

clouds within OGC-DRSV are severely incomplete, rendering this new dataset

considerably more challenging than its predecessor, OGC-DR. Each point cloud

frame within OGC-DRSV was also downsampled to 2048 points.

KITTI-SF comprises 200 pairs of point clouds from real-world traffic scenes for

training purposes [104], as well as an online hidden test for scene flow estimation.

Following [40], we trained our pipeline on the first 100 pairs of point clouds and

subsequently tested it on the remaining 100 pairs (200 single point clouds). Dur-

ing the testing phase, only the human annotations of cars and trucks within each

frame are retained for score computation. All other objects were considered part

of the background. The entire background was not disregarded, but rather treated

as a single object in our evaluation. Additionally, cars and trucks could be either

static or dynamic.
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B.3.2 Metrics

Rigid Segmentation. Average Precision (AP) is a measure that takes into ac-

count both precision and recall over all labels. It is calculated as the mean of

the precision values at different recall levels. Panoptic Quality (PQ) is a measure

proposed for evaluating panoptic segmentation, which takes into account both

recognition and segmentation quality. F1-score (F1) is the harmonic mean of

precision and recall. Precision (Pre) measures the proportion of true positive in-

stances among the instances that were predicted as positive by the model, while

Recall (Rec) measures the proportion of true positive instances that were correctly

identified by the model. Mean Intersection over Union (mIoU) is a measure used

to evaluate semantic segmentation models, which calculates the average IoU be-

tween the predicted and ground truth segmentation masks for each class. Rand

Index (RI) is a measure of similarity between two data clusterings, which can

be used to evaluate the performance of a segmentation model by comparing its

predictions with the ground truth masks.

Motion Estimation. End-Point-Error 3D (EPE3D) measures the average error

over all warped points under the estimated and the ground-truth warping func-

tions. Accuracy Strict (AccS) and Accuracy Relaxed (AccR) refer to the ratio of

points where the EPE3D or relative error is below a certain threshold. Specifi-

cally, AccS represents the ratio of points where the EPE3D is less than 0.05 or the

relative error is less than 0.05, while AccR represents the ratio of points where the

EPE3D is less than 0.1, or the relative error is less than 0.1. Outlier (Outl) refers

to the ratio of points where the EPE3D is greater than 0.3 or the relative error is

greater than 0.1.
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B.4 Rigid Motion Estimation Performance: More

Metrics & More Datasets

Figure B.3 shows the results of the motion estimation experiments on SAPIEN.

The fully-supervised method outperforms the unsupervised method in terms of

all of the metrics. The fully-supervised method achieved an EPE3D of 3.86, an

AccS of 42.75%, an AccR of 63.58%, and an Outlier rate of 56.12% while the

unsupervised method achieved an EPE3D of 5.47, an AccS of 32.76%, an AccR

of 52.81% and an Outlier rate of 66.59%.
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Figure B.3: Motion estimation results on SAPIEN.

Figure B.4 demonstrates the results of the motion estimation experiments on OGC-

DR. Intriguingly, the unsupervised performance is marginally better than the fully-

supervised case on this dataset, possibly because full supervision constrains the

generalizability of the model of motion estimation. The fully-supervised method

achieved an EPE3D of 0.91, an AccS of 67.68%, an AccR of 89.11% and an Out-

lier rate of 57.38, while the unsupervised method achieved an EPE3D of 0.73, an

AccS of 76.38%, an AccR of 92.96% and an Outlier rate of 45.20%.

As depicted in Figure B.5, the motion estimation experiments conducted on OGC-

DRSV demonstrate that the fully-supervised method surpasses the unsupervised

method. The fully-supervised method attained an EPE3D of 0.87, an AccS of

75.49%, an AccR of 92.91%, and an Outlier rate of 59.43%. In contrast, the

unsupervised method attained an EPE3D of 1.45, an AccS of 61.27%, an AccR of
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Figure B.4: Motion estimation results on OGC-DR.

81.82%, and an Outlier rate of 65.39%.
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Figure B.5: Motion estimation results on OGC-DRSV.

B.5 Qualitative Results

Figure B.6 presents the qualitative results of our model. In general, the predictions

generated by the model are satisfactory. However, errors are primarily observed

in the segmentation boundaries. For instance, the border between the tap handle

and the faucet spout in the 2nd picture is one such area where errors occur.

We also provide additional visualizations in Figure B.7: 1) challenging scenes

(multiple parts) on SAPIEN, with successful and failure cases (errors as circled in

green on the final two rows); 2) visualizations on all of the other datasets (OGC-

DR, OGC-DRSV, and KITTI-SF). All of the results ("Ours") are obtained from

our model in the unsupervised setting, while "GT" means the ground-truth seg-

mentation.
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Ground Truth

Our Predictions

Figure B.6: Visualizations for rigid segmentation results on SAPIEN.

B.6 Parameter Number and Computational Com-

plexity

Table B.1 provides a quantitative comparison of various supervised and unsu-

pervised methods in terms of parameter number, FLOPs, and Average Precision

on the SAPIEN dataset. The results demonstrate that the proposed supervised

method (Ours-sup) achieves the highest Average Precision of 73.5 while utiliz-

ing the fewest parameters (0.25M) and FLOPs (0.92G). Similarly, the proposed

unsupervised method (Ours) outperforms the OGC unsupervised method [7] with

respect to Average Precision (63.8 vs. 55.6) while requiring fewer FLOPs (3.71G

vs. 4.09G).
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Figure B.7: Additional visualizations for challenging scenes and more datasets.

Table B.1: Quantitative results of parameter number, FLOPs, and Average Preci-
sion (AP) on SAPIEN. In this table, ∗ indicates that we evaluate its AP upon the
officially trained model.

FLOPs (G)↓ #PARAMS (M)↓ AP (%)↑

Supervised
Methods

MBS [39] 608.73 17.15 49.4∗

OGC-sup [40] 4.09 0.43 66.1
Ours-sup 0.92 0.25 73.5

Unsupervised
Methods

OGC [40] 4.09 0.43 55.6
Ours 3.71 0.31 63.8
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C | Appendix of Low-level Geometric Recon-

struction (Chapter 5)

Chapter 5 addressed the estimation of segment-wise motions and their tempo-

ral consistency. We describe the motion parameterization and optimization, and

report quantitative and qualitative results. This appendix also elaborates our im-

plementation of the estimation pipeline, including parameter initialization, reg-

ularization terms, scheduling, and stopping conditions. We further specify the

evaluation metrics, per-sequence diagnostics, and supplemental visualizations.

C.1 Dataset and Implementation Details

C.1.1 ARTEMIS-DFA Benchmark Dataset

The ARTEMIS-DFA benchmark is curated from the ARTEMIS Dynamic Figura-

tive Animation dataset [226], which consists of high-quality 3D CGI models of

animals created by professional artists. As illustrated in Figure C.1, our bench-

mark provides a diverse range of challenging scenarios for video-to-4D genera-

tion. Each animal subject performs multiple distinct motion patterns - for exam-

ple, the bear exhibits both a walking sequence and a standing-up motion, the duck

demonstrates different types of waddling gaits, and the tiger performs both a stan-

dard walking motion and a running/jumping sequence. This diversity of motion

types for the same subject creates a more challenging evaluation scenario than

datasets with only a single motion pattern per object. Our benchmark includes:

• Number of animal species: 9 (Beagle Dog, Bear, Cat, Duck, Fox, Lion,

Panda, White Tiger, Wolf)
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• Motion sequences per species: 2-4 distinct patterns (e.g., walking, run-

ning, jumping, specific behaviors)

• Total sequences: 25 distinct video sequences

• Frames per sequence: 32-120 frames, with 32 frames used for quantitative

evaluation

• Camera viewpoints: 5 total viewpoints (1 reference view for training, 4

views for testing)

• Resolution: 512×512 pixels

The dataset is specifically designed to present challenging scenarios with:

• Substantial object displacement across frames

• Complex articulated motion patterns

• Multiple distinct motion types for the same object

• Varying degrees of non-rigid deformation

Unlike existing benchmarks that often feature limited motion, our dataset provides

a more comprehensive evaluation platform for video-to-4D generation methods.

C.1.2 Implementation Details

Our implementation is built upon the PyTorch [251] framework with the following

specifics:

• Network Architecture: We use Xavier uniform initialization for most weights,

with specialized initialization for output layers: zero initialization for trans-

lation outputs and identity quaternion initialization for rotation outputs. As

illustrated in Figure C.2, our MotionStruct4D architecture consists of the
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Motion 1

Frame 2 Frame 3 Frame 4Frame 1

Motion 2

Frame 2 Frame 3 Frame 4Frame 1

View 1

View 2

View 1

View 2

View 1

View 2

Duck

Bear

Tiger

Figure C.1: Samples from our ARTEMIS-DFA Benchmark showing different an-
imals (Bear, Duck, Tiger) performing distinct motion patterns. For each animal,
we provide two different types of motion (walking, standing up, running, etc.)
captured from two viewpoints across four frames, illustrating the diversity and
complexity of articulated movements in our dataset.

following components:

– Input and Embedding: The system processes 3D Point Positions and

Time Parameter t through separate embedding layers:

* Point Positional Encoding with 10 frequencies

* Time Positional Encoding with 6 frequencies

These embeddings are concatenated to form a unified representation.

– Canonical Gaussian Representation: This branch maintains the rep-

resentation of:
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Scaling Parameters

Rotation Parameters

Opacity Parameters

Sparse Control Points

Control Point Positions

Control Point Features

Renderer

Covariance Computation

Deformed Positions

Deformed Rotations

Gaussian Rasterizer

Rendered Image

Deformation Network

Points Layers

Rotation Layers

Motion Sub-modules 

Partition Network

Rigidwise Movement Network

Fusion Network

Partition Layers

Rigidwise Rotation Layers

Rigidwise Translation Layers

Fusion Weight Layers

Rigid Motion Calculation

Motion Blending

Figure C.2: Network architecture of MotionStruct4D. Our framework processes
3D point positions and time parameters through embedding layers, which feed
into two parallel branches: (1) a canonical Gaussian representation branch that
maintains the static 3D structure, and (2) a time-aware change module that com-
putes deformations. The motion sub-modules decompose the deformation into
rigid and non-rigid components through partitioning, rigid motion estimation, and
motion blending. The final renderer combines all components to produce time-
varying 3D content.
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* SH Features

* Scaling Parameters

* Rotation Parameters

* Opacity Parameters

* Sparse Control Points (including Control Point Positions and Fea-

tures)

– Time-aware Change Module: This branch processes time-dependent

deformations with:

* Deformation Network

* Points Layers

* Rotation Layers

– Motion Sub-modules: These specialized components include:

* Partition Network

* Rigidwise Movement Network

* Fusion Network

* Partition Layers

* Rigidwise Rotation Layers

* Rigidwise Translation Layers

* Fusion Weight Layers

* Rigid Motion Calculation

* Motion Blending

196



University of Oxford Wolfson College

– Renderer: The final stage that processes:

* Covariance Computation

* Deformed Positions

* Deformed Rotations

* Gaussian Rasterizer to produce the Rendered Image

• Learning Rate Schedule: We use the Adam optimizer with separate learn-

ing rates (LR) for different components:

– Canonical Gaussian positions: Initial LR = 0.01, final LR = 0.0002

– Gaussian opacity: LR = 0.05

– Gaussian scaling: LR = 0.005

– Gaussian rotation: LR = 0.005

– Gaussian features: LR = 0.01

– Control radius: LR = 0.005

– Non-rigid deformation: Initial LR = 0.0002, final LR = 0.000002

– Control points: Initial LR = 0.000002, final LR = 0.000002

– Rigid motion parameters: LR = 0.01

• Miscellaneous Hyper-parameters:

– Number of sparse control points: 512

– Training batch size: 4

– Background inversion probability: 0.5 (for data augmentation)
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C.1.3 Computational Resources

To provide complete reproducibility and enable fair comparison with future meth-

ods, we detail the computational environment and performance characteristics of

our approach. All experiments were conducted using the following hardware and

software environment:

• Hardware:

– GPU: 4 × NVIDIA A10 (24GB)

– CPU: Intel(R) Xeon(R) Silver 4314 (32 cores)

– RAM: 256GB DDR4

• Software:

– PyTorch 2.0.1

– CUDA 11.7

– Python 3.9

• Memory Requirements:

– Peak GPU memory usage during training: ~18GB

C.1.4 Evaluation Metrics

We employ a comprehensive set of metrics to evaluate the quality of video-to-4D

generation across three key aspects: reference view alignment, spatio-temporal

consistency, and motion fidelity.

• Reference View Alignment Metrics:

– PSNR (Peak Signal-to-Noise Ratio) [252]: Measures the pixel-level
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reconstruction quality between the rendered image and the ground

truth input frame. Higher values indicate better reconstruction qual-

ity. PSNR is computed as:

PSNR = 10 · log10
(

MAX2
I

MSE

)
(C.1)

where MAXI is the maximum possible pixel value (255 for 8-bit im-

ages) and MSE is the mean squared error between the rendered and

ground truth images.

– SSIM (Structural Similarity Index) [253]: Evaluates the structural

similarity between rendered and ground truth images, considering lu-

minance, contrast, and structure. SSIM ranges from 0 to 1, with higher

values indicating better perceptual quality.

• Perceptual Quality Metrics:

– LPIPS (Learned Perceptual Image Patch Similarity) [254]: A percep-

tual metric that uses deep features to measure similarity between im-

ages. Lower values indicate higher perceptual quality. LPIPS bet-

ter aligns with human perception of image quality compared to pixel-

based metrics.

– CLIP-Score [255]: Measures semantic similarity between rendered

images from different viewpoints using CLIP embeddings. Higher

values indicate better multi-view consistency and semantic fidelity.

We compute the average cosine similarity between CLIP embeddings

of rendered images across different viewpoints.

• Temporal Consistency and Motion Fidelity Metrics:

– FVD (Fréchet Video Distance) [256]: Evaluates the distribution dis-
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tance between generated and reference video frames in feature space.

Lower values indicate better temporal consistency and motion fidelity.

– FID-VID [257]: An adaptation of Fréchet Inception Distance for video

data, measuring the distribution similarity between generated and ref-

erence videos. Lower values indicate better temporal quality.

Algorithm 1 Batched Weighted Kabsch Algorithm

1: function WEIGHTEDKABSCH(µ, ∆µ̂τ , mτ )
2: Input: Canonical positions µ ∈ RB×N×3, estimated flows ∆µ̂τ ∈

RB×N×3, and soft assignments mτ ∈ RB×N×S

3: Output: Rigid-part driven flow ∆µτ ∈ RB×N×3

4: B,N, S ←mτ .size()
5: mτ ←mτ .transpose(1, 2).reshape(B × S,N)
6: µrep ← µ.unsqueeze(1).repeat(1, S, 1, 1).reshape(B × S,N, 3)
7: ∆µ̂τ

rep ← ∆µ̂τ .unsqueeze(1).repeat(1, S, 1, 1).reshape(B × S,N, 3)
8: Rτ

s , t
τ
s ← FITMOTIONSVDBATCH(µrep, µrep +∆µ̂τ

rep, mτ )
9: µτ

s ← Rτ
s · µrep + tτs ▷ Apply rigid transformation

10: µτ
s ← µτ

s .reshape(B, S,N, 3)
11: mτ ←mτ .reshape(B, S,N)
12: ∆µτ ←

∑S
s=1m

τ
s · µτ

s − µ ▷ Weighted combination
13: return ∆µτ

14: end function

C.2 Additional Method Details

C.2.1 Differentiable Weighted-Kabsch Algorithm

For identifying rigid motion components, we employ a differentiable weighted-

Kabsch algorithm [212, 213] to estimate the transformation matrix T τ
s ∈ SE(3)

for each rigid part s. The algorithm computes the optimal rigid transformation

between two point sets while accounting for the soft assignment of points to rigid

parts.
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Given the canonical Gaussian positions {µi} and their estimated positions at

timestep τ denoted as {µi + ∆µ̂τ
i }, along with the soft assignment probabilities

{mτ
is} for rigid part s, the weighted-Kabsch algorithm proceeds as follows:

1. Compute the weighted centroids of both point sets:

µ̄s =

∑
i m

τ
isµi∑

i m
τ
is

, µ̄τ
s =

∑
im

τ
is(µi +∆µ̂τ

i )∑
i m

τ
is

(C.2)

2. Compute the centered coordinates:

µ̂i = µi − µ̄s, µ̂τ
i = (µi +∆µ̂τ

i )− µ̄τ
s (C.3)

3. Compute the weighted covariance matrix:

H =
∑
i

mτ
isµ̂

τ
i (µ̂i)

T (C.4)

4. Compute the singular value decomposition (SVD):

H = UΣV T (C.5)

5. Compute the rotation matrix, ensuring a proper rotation:

Rτ
s = U


1 0 0

0 1 0

0 0 det(UV T )

V T (C.6)

6. Compute the translation vector:

tτs = µ̄τ
s −Rτ

sµ̄s (C.7)

The resulting transformation matrix T τ
s combines the rotation Rτ

s and translation

tτs . This algorithm is fully differentiable, allowing gradients to flow back to update

the soft assignment probabilities {mτ
is} during training.
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In our implementation, as described in Alg. 1, we use a batched version of this al-

gorithm that handles multiple rigid parts simultaneously. The FITMOTIONSVD-

BATCH function computes the optimal rotation and translation for each rigid part

using SVD decomposition of the weighted covariance matrix. This implementa-

tion efficiently handles multiple rigid parts in parallel and provides a differentiable

operation that can be integrated into the training pipeline.

C.2.2 Reconstruction Loss

To ensure that our generated 4D content accurately aligns with the input video

frames, we employ a direct supervision through a reconstruction loss. For each

frame Iτ in the input video I = {Iτ}Tτ=1, we render the corresponding view from

our time-dependent Gaussians {Gτi }Ni=1 at timestep τ .

The main term of our reconstruction loss Lrecon-ref is computed as the L2 distance

between the rendered image Îτ and the ground truth input frame Iτ :

Lrecon-ref =
1

T

T∑
τ=1

∥Îτ − Iτ∥22 (C.8)

To further enhance the reconstruction quality, we also incorporate a foreground

loss to better preserve the foreground object silhouette:

Lforeground =
1

T

T∑
τ=1

∥ατ − Fτ∥22 (C.9)

where Fτ is the foreground mask of the input frame at timestep τ , and ατ is

the accumulated opacity obtained during rendering. The foreground loss helps to

maintain the precise shape boundary of the dynamic object across time.

The final reconstruction objective Lrecon combines both the pixel-wise reconstruc-
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tion and the mask loss:

Lrecon = Lrecon-ref + λforegroundLforeground (C.10)

where λforeground is a weighting factor to balance the two loss terms. This combined

loss ensures that both visual appearance and object silhouette are preserved in the

reconstructed frames.

C.2.3 Augmentation Loss Using Score Distillation Sampling (SDS)

Following prior works [66, 81] in video-to-4D generation, we leverage view-

conditioned diffusion models to generate multi-view content for improved 3D

supervision. Specifically, we employ Score Distillation Sampling [122] (SDS)

to compute the augmentation loss Laug as a component of our objective function.

For each input frame Iτ at timestep τ , we maintain the 3D consistency using a

pretrained diffusion model ϕ (e.g., Zero123 [96]). Given the reference image Iτ ,

relative camera extrinsics (Rv,T v) between the queried novel view v and input

view, and our 4D representation parameterized by θ, the augmentation loss is

computed as:

∇θLaug = Ev,τ,ϵ,t

[
w(t) (ϵϕ(zt; Iτ ,Rv,T v, t)− ϵ)

∂x

∂θ

]
(C.11)

where zt is the noisy latent at diffusion timestep t, x is the rendered image from

our 4D model at novel viewpoint v, ϵ is the sampled noise, ϵϕ is the denoising net-

work of the diffusion model, and w(t) is a weighting function dependent on the

timestep. This formulation guides our 4D representation to produce renderings

that are consistent with the multi-view generation capabilities of the pretrained
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diffusion model, effectively transferring prior knowledge of 3D geometry and ap-

pearance from the diffusion model to our representation.

C.2.4 Details of Sparse Control Points

C.2.4.1 Weighting Ratio

In the sparse control-point optimization phase, we utilize a weighting ratio ωik

to determine the influence of each control point Pk on a Gaussian Gi. This ratio

depends on the distance dik between the Gaussian center µi and the control point

pk, as well as a learned control radius γk for each control point.

The weighting ratio is computed as:

ωik =
exp(−d2ik/γ2

k)∑
j∈Mi

exp(−d2ij/γ2
j )

(C.12)

where Mi represents the set of K-nearest neighboring control points for Gaussian

Gi. We set K = 8 in our implementation. The learned control radius γk allows

each control point to adaptively determine its area of influence, with some con-

trol points specializing in detailed local movements (smaller radius) and others

governing broader regional transformations (larger radius).

During training, we initialize the control points using farthest point sampling

(FPS) on the canonical Gaussian positions to ensure uniform coverage of the ob-

ject, with initial control radii set proportionally to the average distance between

neighboring points.
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C.2.5 Regularization Term for Sparse Control Points

To maintain shape fidelity and prevent control point drift during optimization,

we add the regularization term Lcontrol to our loss function. At the beginning of

the sparse control-point optimization stage, we preserve the positions of control

points from the dense stage as a reference, following Wu et al. [81]. For a given

timestep τ , we obtain the initial positions (denoted as pτ ) of those control points.

Then, we compute the regularization term for sparse control points as:

Lcontrol = ∥pτ − pτ∥22 (C.13)

where pτ denotes the current position of control points at timestep τ . Although

this loss formulation is simple, it effectively mitigates shape degeneration issues

during the optimization process.

C.3 Additional Results on Consistent4D Dataset

In addition to our ARTEMIS-DFA benchmark, we conduct experiments on the

Consistent4D [63] dataset to demonstrate generalization to generic objects. The

Consistent4D dataset includes 8 objects with 15 video sequences. Figure C.3

shows qualitative results on the Consistent4D dataset. Our method successfully

discovers meaningful motion decomposition across diverse subjects. The quasi-

rigid parts visualization (row 2) demonstrates how MotionStruct4D automatically

segments the animals into intuitive rigid components - for instance, separating

the crocodile’s body, tail, and limbs. The rigid-motion weights (row 3) highlight

regions where rigid transformation dominates the motion, versus areas requiring

non-rigid deformation. Both reference-view reconstructions and novel-view gen-

erations (rows 4-5) show high fidelity to the input while maintaining temporal
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Input Video

Quasi-rigid 

Parts

Rigid-motion 

Weights

Reference-view 

Reconstruction

Novel-view 

Generation

Frame 1 Frame 2

Crocodile Guppie

Frame 1 Frame 2

Squirrel

Frame 1 Frame 2

Kitten

Frame 1 Frame 2

Figure C.3: Visualization of MotionStruct4D results on the Consistent4D dataset.
For each animal (Crocodile, Guppie, Kitten, and Squirrel), we show: input
video frames, discovered quasi-rigid part decomposition (colored by part assign-
ment), rigid-motion weights (indicating areas that follow rigid motion patterns),
reference-view reconstructions, and novel-view generations across two frames.

consistency. These results demonstrate that our approach generalizes well beyond

the ARTEMIS-DFA benchmark to handle the natural movements of various ani-

mals in the Consistent4D dataset.

C.4 Broader Impacts

C.4.1 Potential Positive Societal Impacts

The development of MotionStruct4D and similar video-to-4D generation methods

offers several potential positive impacts:

• Content Creation Democratization: By enabling the generation of dy-

namic 3D content from ordinary monocular videos, our technology democ-
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ratizes content creation, allowing individuals and small studios with limited

resources to produce high-quality 4D assets for applications in education,

entertainment, and communication.

• Cultural Preservation: The ability to transform archival footage into in-

teractive 3D assets facilitates the preservation and exploration of cultural

heritage, historical events, and natural phenomena in more immersive for-

mats.

• Scientific Visualization: Our approach can assist researchers in visualizing

complex dynamic systems from limited observations, potentially accelerat-

ing discoveries in fields like biology, physics, and environmental science.

• Accessibility: 4D content generation from videos can enhance accessibility

for individuals with disabilities by converting existing 2D content into more

interactive, spatial formats that can be experienced through various assistive

technologies.

• Reduced Environmental Impact: Creating 4D assets from existing videos

requires significantly less computational resources compared to traditional

CGI pipeline or multi-camera studio setups, potentially reducing the carbon

footprint of content production.

C.4.2 Potential Negative Societal Impacts and Mitigation Strate-

gies

While our research aims to advance the field of computer vision and graphics, we

acknowledge several potential concerns:

• Deepfake Concerns: Enhanced capabilities for generating realistic 4D con-

tent could be misused to create convincing deepfakes. To mitigate this risk,
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we focus our research on non-human subjects (animals and objects) and

encourage the development of detection methods for synthesized content.

• Copyright and Intellectual Property Issues: The ability to convert videos

into manipulable 3D assets raises questions about copyright and intellec-

tual property rights. We emphasize that our technology should be used in

compliance with existing copyright laws and with appropriate attribution to

content creators.

• Bias and Representation: As with many AI systems, biases in training data

could lead to unequal performance across different subjects or scenarios.

We actively work to ensure our benchmark dataset includes diverse subjects

and motion patterns to minimize such biases.

• Resource Inequality: Advanced computational requirements might limit

access to these technologies for under-resourced communities. We are com-

mitted to optimizing our methods for computational efficiency and explor-

ing lighter-weight variants that can run on consumer hardware.

We believe that the benefits of this research outweigh the potential risks, especially

when deployed responsibly with appropriate safeguards. We encourage ongoing

dialogue among researchers, policymakers, and the public regarding the ethical

implications of 4D content generation technologies.
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