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Abstract

Modeling dynamic 3D scenes with physical accuracy and predicting their future
states is critical for applications in augmented reality, robotics, and content creation.
While recent advances in implicit neural representations have achieved remarkable
results in reconstructing dynamic geometry and appearance, they primarily excel at
interpolating within observed time and fail to extrapolate future frames due to a
lack of explicit physical modeling. Early physics-integrated methods, such as those
using Physics-Informed Neural Networks (PINNs) and numerical simulations, face
limitations including poor generalizability, heavy computational overhead, and training

instability, hindering their practical deployment.

This thesis addresses three core challenges in dynamic 3D scene modeling: ensuring
physical plausibility in future predictions, improving efficiency in physics-aware model-
ing, and enabling explicit learning of underlying physical parameters. To tackle these
challenges, we present three interconnected frameworks that progressively advance
the state-of-the-art: In Chapter [3, we introduce NVFi, the first framework fusing
dynamic radiance fields with mass and momentum conservation laws by PINNs loss
functions. NVFi learns disentangled, physically consistent velocity fields from multi-
view videos, eliminating unrealistic motion artifacts without relying on additional
annotations. In Chapter [4] we propose FreeGave to address PINNSs’ inefficiencies. It
incorporates a divergence-free module to enforce local physical constraints without

global PDE sampling and uses learnable physics encoding to decompose complex



motions, achieving efficient and stable physics-aware modeling for complex scenes. In
Chapter 5| we develop TRACE, which shifts from implicit neural fitting to explicit
physical parameter learning. By modeling each 3D Gaussian as a rigid particle with
independent translation-rotation dynamics systems, TRACE directly learns core phys-
ical parameters and enables controllable future extrapolation while eliminating neural

ODE integration overhead.

Collectively, these contributions advance dynamic 3D scene modeling from physics-
unaware interpolation to accurate, efficient, and controllable future frame extrapolation.
By progressively integrating physical constraints, optimizing computational efficiency,
and enabling explicit parameter learning, this thesis establishes a robust framework for
machines to perceive and predict dynamic 3D world dynamics, laying the foundation

for next-generation intelligent systems interacting with physical environments.
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Chapter 1

Introduction

1.1 Motivation

The 3D world we inhabit is inherently dynamic—objects fall under gravity, vehicles
navigate paths, and mechanical systems operate with rhythmic motions. Humans
possess an innate ability to perceive the geometry, appearance, and underlying physical
properties of these dynamic scenes through brief observation, enabling accurate
prediction of future states based on learned physical rules. Translating this capability
to machines is transformative for numerous cutting-edge applications: augmented
reality systems requiring realistic scene interactions, robotics platforms needing to
anticipate environmental changes, game engines demanding lifelike physics simulations,

and film production seeking efficient dynamic content generation.

Recent advancements in implicit neural representations have revolutionized dynamic
3D scene modeling. Neural Radiance Fields (NeRF) [76] and its variants |86, [7, 10} [30]
have achieved remarkable results in capturing time-varying geometry and appearance,
while 3D Gaussian Splatting (3DGS) [49] and extensions [137, [125] further enhanced
reconstruction fidelity for deformable objects [7, IT0] and articulated structures

[79, 104]. However, these methods primarily excel at interpolating novel views within
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observed time windows, as they focus on fitting training sequences without explicitly
encoding physical properties like velocities. This critical limitation prevents them
from extrapolating future motion patterns—a fundamental requirement for predictive

applications in real-world scenarios.

Early efforts to integrate physical priors into neural representations [89] 211 [14) [57, [4]
introduced numerical differentiable simulations or Physics-Informed Neural Networks
(PINNs) [91] to encode governing partial differential equations (PDEs), showing
promise in modeling velocity and viscosity fields for simple scenes like smoke or basic
continuum object motions. Despite these advances, significant barriers remain: learned
physical properties are often object-specific [21], relying on additional foreground mask
[57], lacking cross-scene transferability, and suffering from reconstruction artifacts
at boundary regions. Moreover, PINN-based methods incur heavy computational
overhead due to global spatiotemporal sampling for PDE validation and face training
instability when balancing physical constraints with geometric reconstruction. These
limitations underscore the need for more robust frameworks that can learn disentangled
physical properties from multi-view videos alone, enabling accurate and efficient future

frame prediction.

1.2 Research Challenges and Objectives

Modeling dynamic 3D scenes with accurate physical extrapolation capabilities presents

three core challenges:

e Physical plausibility in future prediction. Traditional dynamic radiance
fields and Gaussian splatting methods lack explicit physical constraints, leading
to unrealistic drifts or distortions (e.g., falling objects reversing direction) when
extrapolating beyond observed sequences. Existing physics-integrated methods
either fail to disentangle physical properties from scene geometry or require

excessive manual annotations, limiting their generalizability.
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e Efficiency in physics-aware modeling. PINN-based approaches, while
effective in enforcing physical laws, introduce prohibitive computational costs
through global PDE validation sampling. Additionally, balancing multi-objective
training (geometry reconstruction vs. physics enforcement) leads to instability,

making these methods impractical for complex real-world scenes.

e Explicit physical parameter learning. Prior methods rely on neural network
fitting for motion and acceleration patterns on time, resulting in degraded
controllability for future predictions and high inference overhead due to complex
neural ordinary differential equation integration. Reverse-deriving underlying
physical parameters (e.g., rotation centers, motion dynamics) from visual inputs
remains challenging, especially for deformable self-propelled objects and scenes

with multiple objects exhibiting diverse motions.

Motivated by these challenges, this thesis aims to achieve the corresponding three

primary research objectives:

e The first objective is to develop a physics-constrained dynamic modeling frame-
work that can learn disentangled geometry, appearance, and physical velocity
fields purely from multi-view RGB videos, without relying on additional anno-
tations, thereby ensuring physical plausibility in future frame predictions and

eliminating unrealistic motion artifacts. This objective is studied in Chapter [3]

e The second objective is to design an efficient physics learning paradigm that
avoids the computationally heavy sampling in PINNs, while maintaining physical
consistency through intrinsic constraints, and simplifies training by reducing the
complexity of balancing conflicting objectives, making physics-aware modeling

feasible for complex scenes. This objective is studied in Chapter

e The third objective is to establish an explicit dynamics modeling framework that

can reverse-derive underlying physical parameters from visual inputs, enabling
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Figure 1.1: The main task and three major works of this thesis.

controllable extrapolation and reducing inference overhead by replacing complex
neural ODE integration with explicit physical rule-based prediction. This

objective is studied in Chapter [5]

1.3 Contributions

To address these challenges, this thesis presents three interconnected contributions

that progressively advance the state-of-the-art in dynamic 3D scene modeling, as
shown in Figure [I.1}
e In Chapter [3, we introduce NVFi, the first framework to fuse dynamic radiance

fields with Physics-Informed Neural Networks (PINNs), unifying appearance

modeling and physical constraint enforcement. Its core innovation is physics-
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constrained neural velocity field estimation, which encodes mass and momentum
conservation laws into loss functions via PINNs, compelling the model to learn
physically consistent velocity fields. The framework comprises three compo-
nents: (1) a keyframe dynamic radiance field capturing time-dependent volume
density and appearance; (2) an interframe velocity field modeling 3D point
velocities over time; (3) a joint optimization scheme integrating photometric
losses with PDE-based physics constraints. NVFi enables disentangled velocity
field learning without requiring object masks or material annotations, laying

the foundation for physics-aware future prediction. This work is published in:

Jinxi Li, Ziyang Song, and Bo Yang. NVFi: Neural velocity fields for 3d

physics learning from dynamic videos. Proceedings of Advances in Neural

Information Processing Systems, 2023.[53)

Building on NVFi’s validation of physical constraints, we address PINNs’ inef-
ficiencies with FreeGave in Chapter [, a framework enabling efficient physics
learning without global PDE sampling. FreeGave introduces two key innovations:
(1) A divergence-free module leveraging mathematical field decomposition to
ensure velocity fields satisfy mass and local volume conservation at every spatial
point, eliminating the need for global PDE validation; (2) Learnable physics
code that decomposes complex motions into distinct patterns, enhancing velocity
representation efficiency and reducing training complexity. By treating scenes
composed by rigid particles with latent physics codes, FreeGave maintains phys-
ical plausibility while achieving superior reconstruction performance, making

physics-aware modeling feasible for complex scenes. This work is published in:

Jinxi Li, Ziyang Song, Siyuan Zhou, and Bo Yang. FreeGave: 3d physics learn-
ing from dynamic videos by gaussian velocity. Proceedings of the IEEE/CVF

Conference on Computer Vision and Pattern Recognition, 2025. [55]
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e To enable accurate controllable extrapolation, we propose TRACE in Chapter
b a framework that explicitly learns underlying physical parameters through
particle-based translation-rotation dynamics modeling. TRACE represents 3D
scenes by rigid particles and learns independent dynamics systems, enabling
reverse derivation of physical parameters. A critical innovation is the introduction
of equivalent translation and rotation systems to mitigate coupling issues caused
by unknown rotation centers, reducing dependency on accurate rotation center
estimation. By training auxiliary deformation fields to address training instability,
TRACE optimizes physical parameter learning effectively. Unlike interpolation-
focused methods, TRACE achieves unprecedented extrapolation accuracy by
explicitly modeling the physical rules governing motion dynamics. This work is

published in:

Jinxi Li, Ziyang Song, and Bo Yang. TRACE: learning 3d gaussian physical
dynamics from multi-view videos. Proceedings of the IEEE/CVF' International

Conference on Computer Vision, 2025. [54]




1.4. Thesis Structure

1.4 Thesis Structure

The remainder of this thesis is organized as follows:

e Chapter [2| presents a comprehensive review of static/dynamic 3D reconstruction

and physics learning.

e Chapter |3 introduces our NVFi, which introduces mass and momentum con-
servation laws into dynamic reconstruction via PINN losses to learn physically

plausible velocity fields for future frame prediction.

e Chapter [f] presents our FreeGave, which achieves efficient physics-aware modeling
through a divergence-free module and learnable physics encoding, avoiding global

PINN computations while maintaining physical consistency.

e Chapter [5| presents our TRACE, which proposes a particle-based translation-
rotation dynamics system to explicitly learn underlying physical parameters,

enabling accurate future frame extrapolation with controllable motion evolution.

e The last Chapter [6] concludes the entire thesis and identifies future directions.



Chapter 2

Literature Review

2.1 Static 3D Representation Learning

Static 3D objects and scenes have been explored through various representation
paradigms in computer vision and graphics. Traditional explicit representations
include voxels [20], 132}, 133], point clouds [25, [145], octrees [107, 118], meshes [47, [34],
and primitives [152] 143]. They are widely used in representing various objects and
scenes, such as humans [106] and furniture [147]. However, these representations suffer
from inherent discretization issues, where the fidelity of 3D shapes is fundamentally

limited by spatial resolution constraints and memory footprint limitations.

Inspired by seminal advances in neural representation learning [17), [74), 81|, recent
research has shifted toward implicit neural functions for modeling 3D data. These
implicit methods are broadly categorized into several types: 1) occupancy fields (OF)
[17, [74], which regress the occupancy status of 3D points; 2) signed distance fields
(SDF) [81], unsigned distance fields (UDF) [19, 1T5], [94], and their variant scaled-
squared distance function (S?DF) [134], which predict the distance from a point to the
nearest surface; and 3) radiance fields (NeRF) |76, 6, 111], which model both geometry

and appearance by regressing color and density. Fundamentally, these implicit neural
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representations take 3D point coordinates as input to neural networks and directly
regress diverse point-level information—such as occupancy, surface distance, color,
and even semantics [149, [1T4]. Compared to traditional explicit representations, they
enable continuous modeling of shape and appearance with a significantly reduced

memory footprint, marking a key advantage in high-fidelity 3D reconstruction.

Despite their strengths in novel view synthesis and shape reconstruction [1111 [129] 108],
implicit coordinate-based representations face a critical limitation: their continuous
nature leads to slow extraction of 2D views or 3D surfaces, hindering practical
applications requiring real-time performance. To address this bottleneck, a recent
breakthrough, 3D Gaussian Splatting (3DGS) [49], revisits explicit representation
by modeling 3D shapes as a set of 3D Gaussian kernels with learnable properties
(e.g., position, scale, and opacity). This particle-based paradigm achieves exceptional
quality in novel view synthesis [27, 13|, 5] while enabling real-time rendering speeds.
Their variants such as 2D Gaussian Splatting (2DGS) [40] and GeoSurf [117]| further
achieve accurate surface reconstruction without sacrificing appearance modeling and

computational efficiency.

In our works, we adopt distinct 3D representation strategies tailored to the needs of
each task: for NVFi, we leverage radiance fields (NeRF) as the core representation,
leveraging their strength in continuous modeling of fine-grained shape and appearance
detail. In contrast, FreeGave and TRACE adopt 3DGS as their core 3D shape and
appearance representation. Its explicit particle-based formulation—with learnable
Gaussian kernels—proves particularly amenable to particle-centric frameworks, such
as learning physics codes and velocities for rigid particles in FreeGave and integrating

with particle-based physics learning pipelines in TRACE.
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2.2 Dynamic 3D Reconstruction

Recent advances in dynamic 3D reconstruction have closely followed the evolution
of static 3D representation techniques, with most methods built upon established
frameworks such as SDF [81], NeRF [76], and more recently 3DGS [49]. To capture
temporal dynamics from time-varying visual inputs, these approaches commonly
incorporate the time dimension ¢ into their underlying static 3D representations,
aiming to learn motion or deformation fields for either rigid or deformable objects and

scenes [110, (59, [7), 32, 109, 69, 10, 30, B, 26, 56, 82, 140, 24, 83| 127, 116} 65, 141].

Among these, NeRF-based methods have shown remarkable fidelity in representing
dynamic scenes [10, [30], with techniques further categorized into deformation-based
182, 110, [7, 86, &, 26}, 140], flow-based [32], (59} 24, [116] 69], and direct space-time based
approaches [127], 2, 56, 83]. Additionally, domain-specific NeRF variants have been
developed to model dynamic objects like human bodies [84] 93, [R5, 130} 123, 150, 87],
and faces |7, 31} 120], 122]. More recently, methods leveraging 3DGS as the backbone
have demonstrated impressive performance in novel view rendering [63], 70, 58, 88|

1251, 97, (78], 13, [136], 48|, 52, [137], benefiting from its efficiency in real-time rendering.

Despite their success in synthesizing novel views within the observed time period of
training data, a critical limitation persists across these approaches: they primarily fit
the visual observations or pixel correlations in the training sequence without encoding
underlying physics priors. As a result, they lack the ability to predict physically
meaningful future frames beyond the observed time window. Our works address
this limitation through distinct strategies tailored to their respective frameworks:
NVFi, built on NeRF, focuses on modeling the underlying physical principles of 3D
scenes, enabling straightforward extrapolation of future dynamics. FreeGave, which
adopts 3DGS, explicitly learns a physics code for each Gaussian kernel via a dedicated
Gaussian velocity module and divergence-free parameterization, encoding physical

priors into the representation. TRACE, also leveraging 3DGS, separates the learning

10
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of translation and rotation dynamics systems for 3D rigid particles, allowing inference

of physically consistent future frames that existing methods cannot achieve.

2.3 3D Physics Learning

Physics learning for 3D objects and scenes has emerged as a critical area at the
intersection of deep learning and computational physics, aiming to model and predict
physical behaviors from data or first principles. A prominent paradigm in this field
is physics-informed neural networks (PINNs), introduced in seminal work by [91],
which revolutionizes traditional numerical methods by representing tensor fields and
partial differential equation (PDE) solutions via neural networks. PINNs convert PDE
constraints into loss functions, framing the problem of solving PDEs as optimizing

network weights to minimize these physics-based losses [91], 100, [51].

Y

Building on this foundation, a wealth of subsequent works have expanded PINNs
applications across diverse domains, including acoustics [I01], 105], fluid dynamics
[112, 33| 22], and 3D scene representations [14], 211, 57, 89|, leveraging their mesh-free
formulation for flexibility [98, 92, [37, 77, 119, 4, [121] [41) 11], 90} 148]. Comprehensive
surveys [40, [36] further document their theoretical advancements and practical impacts.
Despite their success, PINNs face notable limitations: they often require large volumes
of data to regularize the learning process, and their soft PDE-based constraints are
frequently insufficient to ensure accuracy—whether in modeling complex physics in

boundary regions or achieving satisfactory results in general physical modeling tasks.

Beyond PINNs, another active line of research integrates explicit physics systems
directly into the learning process to model dynamic behaviors. These methods embed
domain-specific physical structures such as springs, graphs, or fluid dynamics solvers
into neural networks, focusing on targets like elastic objects [I51), 146} 64], fluids

[42, [61], and other deformable systems [131), [42], 73], 151], 146, 64, 89, 22], 29], 124].
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While effective for their specific domains, these approaches are often tailored to narrow
applications (e.g., spring systems for elastic objects or fluid-specific solvers) and lack

generality across diverse deformation and transformation dynamics.

Our works address these limitations through targeted innovations: In NVFi, we
identify that standard PINN constraints alone are insufficient for learning accurate 3D
velocity fields. To mitigate this, we introduce a keyframe-based velocity propagation
module, enhancing the fidelity of velocity field modeling. FreeGave avoids reliance
on inefficient PINN losses entirely, instead directly encoding generic divergence-free
constraints into the learning process to incorporate physical priors without PDE-
based soft constraints. TRACE advances explicit physics integration by learning a
general translation-rotation dynamics system, which is applicable to a broad range of
deformation and transformation dynamics—unlike existing methods limited to specific
systems (e.g., springs for elasticity or fluid solvers). This generality enables robust

modeling of diverse physical behaviors.

2.4 Video Prediction

Some studies focus on directly predicting future video frames |28, 35, [67]. Leveraging
the expressive power of diffusion models and Transformer-based frameworks, a series
of methods has emerged to tackle video prediction with remarkable success. These
approaches [39] 38, 113, [78] 142, 126], 16, [66] excel at modeling long-range temporal
dependencies and fine-grained visual details, often generating future frames with
high fidelity in texture, color, and short-term motion continuity. However, a critical
limitation persists in these state-of-the-art approaches: their tendency to produce
physically implausible motions, despite achieving strong visual quality. As noted in
[68, [45], this shortcoming stems from a key structural flaw: these methods primarily
learn statistical correlations from pixel-level patterns in training data, without explicitly

incorporating the underlying physics priors that govern real-world dynamics.
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Chapter 3

(General Physics-Constrained Velocity
Fields

3.1 Introduction

The 3D world around us is constantly changing over time, where objects fall, vehicles
move, and clocks tick. Humans can effortlessly learn the geometry and physical
properties of such dynamic 3D scenes, and further predict their future motions following
the learned physics rules, just by watching the things for a few seconds. Giving
machines such ability to automatically infer the geometry and physics of complex
dynamic 3D scenes is essential for many cutting-edge applications in augmented
reality, games, and the movie industry. Recent advances in the emerging area of
neural radiance field [76] and its succeeding variants [86), [7, 10, B0, [144], 80] have shown
excellent results in modeling dynamic 3D scenes such as deformable things [7, 110]
and articulated objects [79, [104]. While showing superior results in interpolating
novel views within the observed time period, almost all these methods tend to fit
training image sequences, without explicitly learning physical properties such as object

velocities, thus being unable to extrapolate and predict future motions of 3D scenes.
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More recently, a few studies [89] 21} [14] 57, [4] start to integrate physics priors into
implicit neural representations to model dynamic 3D scenes such as floating smoke or
simple moving objects. By introducing governing PDEs, a.k.a., PINN [01], they show
promising reconstruction of 3D scene geometry, appearance, velocity and/or viscosity
fields. However, the learned physical properties are either tightly coupled with the
target objects [21I] in the scene or require additional foreground segmentation masks
[57]. This means that the estimated physics knowledge from dynamic video is not

clearly disentangled, thereby not transferable from one scene to another.

In this regard, we ask an ambitious question: Can we learn disentangled physical
properties alongside recovering geometry and appearance of dynamic 3D scenes purely
from multi-view video frames? Among various physical properties in the scene, we
choose to focus on velocity as it primarily governs scene movement dynamics. Such
disentangled velocity fields, once successfully learned, are expected to unlock multiple
desirable applications: 1) Future frame extrapolation and prediction beyond the
observed time period in training. For example, after watching a football flying in the
penalty area, we can predict what will happen next. 2) Dynamics transformation
from one scene to another. For instance, after watching a bird flipping wings, we
can imagine the same physical behavior on the body of an airplane. 3) Semantic
decomposition of 3D scenes. Intuitively, once the velocity field of an entire dynamic 3D
scene is learned, all individual objects or parts undergoing different moving patterns

can be easily segmented, without needing any extra human annotations for training.

However, accurately learning the physical velocity of a whole 3D scene space is partic-
ularly challenging, primarily due to the lack of ground truth 3D velocity annotations,
the unknown object types or materials in the scene, and the sparse yet long-time
visual trajectory in training. In addition, when separately learning the velocity field,

it is usually an ill-posed problem even with the commonly used PINN technique [21].

To tackle these challenges, we introduce a new general framework to simultaneously

model the geometry, appearance, and disentangled velocity of a dynamic 3D scene only
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Figure 3.1: The three major components of our framework: Keyframe Dynamic
Radiance Field, Interframe Velocity Field, and the Joint Keyframe and Interframe

Optimization module.

from multi-view video frames. In particular, as shown in Figure [3.1] our framework
consists of three major components: 1) a keyframe dynamic radiance field to
learn time-dependent volume density and appearance for every 3D point in space; 2)
an interframe velocity field to learn time-dependent 3D velocity for every point
as well; and 3) a joint keyframe and interframe optimization method together
with physics informed constraints to train both networks. For the first component,
it is flexible to adopt any of the existing time-dependent NeRF' architectures such
as HexPlane [I0] or K-Planes [30]. For the second component, the neural network

actually can be as simple as MLPs.

The core of our framework is the third component, where we apply three losses to
jointly optimize both networks: 1) the keyframe photometric loss, 2) the interframe
photometric loss, and 3) the governing PDE losses. With these losses, our framework
can precisely learn disentangled velocity fields, without needing additional regular-
ization terms on volume density or information on object masks, types, or materials.
Overall, our framework models general dynamic 3D scenes by learning neural velocity

fields with physical priors. Our method is named N'VFi and our contributions are:

e We introduce a general framework to model dynamic 3D scenes as physics-
informed radiance fields from multi-view videos, without requiring information

on object types, materials, or masks.
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e We design a neural velocity field together with a joint keyframe and interframe

optimization method to effectively train the networks.

e We demonstrate three applications for the learned velocity fields on two newly
collected dynamic 3D datasets and a challenging real-world dataset, showing
superior results in future frame extrapolation, semantic decomposition, and

velocity transferring across 3D scenes.

3.2 NVFi

3.2.1 Overview

As shown in Figure [3.2] our framework consists of two neural networks together
with their optimization methods. Given a set of images of a dynamic scene with
known camera poses and intrinsics, the keyframe dynamic radiance field fg
simply takes a 3D point p = (z,y,2), viewing angle (0,¢), and timestamp ¢ as
input, directly regressing the volume density o and color ¢ = (r,g,b). For the
network architecture, we simply adopt the recent HexPlane [10] which shows excellent
performance in efficiently modeling dynamic video frames, though other NeRF variants
can also be used. Formally, our keyframe dynamic radiance field is defined below and

implementation details are in Appendix.
(0,¢) = fo(x,y,2,0,0,t), O are trainable parameters. (3.1)

For the interframe velocity field gg, it takes the 4D vector (x,y, z,t) as input,
and predicts the 3D velocity v = (v,, vy, v,) for point p at time ¢. For simplicity, the
network g is parameterized by simple MLPs, though more advanced architectures

can be applied as well. Formally, the velocity field is defined below.

v = go(p,t) = go(z,y,2,t), P are trainable parameters of MLPs. (3.2)
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Figure 3.2: The left block illustrates the network architecture of our keyframe dynamic
radiance field based on HexPlane [10], and the right block shows the architecture of

our interframe velocity field.

With these two networks and training images sampled from a dynamic 3D scene, the
key challenge is to effectively optimize these networks, such that the final learned
velocity field is precise and disentangled, supporting future frame extrapolation, motion

transfer, and semantic decomposition.

3.2.2 Module Architectures

(1) Keyframe Dynamic Radiance Field: We adapt HexPlane[10] to parameterize
volumetric keyframes. It is a direct extension of static TensoRF[12] to a dynamic
radiance field. Instead of using concatenation to combine the features from different
planes as TensoRF and HexPlane, we use Hadamard Production as used in K-Plane[30],
which shows stronger ability in representing complex geometries. The definition of

our Keyframe Dynamic Radiance Field is as follows.

If we denote 75, as the time step corresponding to the k'® keyframe, we can write:

A (x;, ) = B(fi(zs, vi) © 81(2i, 1) © a2, 2) © 8ays, ) © F3(viy 21) © g3(wi, 1))

o(xi, k) = 1’ (hy (s, v:) © ki (2, i) © ho(@i, 23) © ko(yi, ) © ha(ys, z0) © ks(24,71))

where o (x;, 71.) is the predicted sigma for point x;, A (x;, 7% ) is the predicted appearance
feature. And f;, h;, g; and k; are vector-valued grid functions with output dimension

M, or M, respectively. The final density value o is the summation of the M,
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dimension density feature, and the final appearance feature is a weighted sum of
the M,,, dimension output feature, where B is a simple linear layer. Note unlike
HexPlane[I0] and K-Planes|30], we only do grid interpolation to find the feature
values for spatial coordinates, while we pick the time dimension according to the
corresponding keyframe index. The final RGB color c is regressed from a 2-layer MLP
with appearance feature and view direction as inputs. With points’ density ¢ and

colors ¢, images are rendered via volumetric rendering equations:

N

C(r) =) Ti(1 —exp(—0i0:))c;, Ty = exp(— Zaj5j>, (3.3)

i=1

where 0; represents the distance between the iy, and (i + 1), sample point, and N
denotes the number of sampled points. Equation (3.3)) connects real 3D points with

image pixels by accumulating colors c; and densities o; of sample points along the ray.

In our implementation, for all the experiments, we set M, as 24 and M,,, as 48, while
for different experiments, we use different keyframe numbers. For object extrapolation
task, we set keyframe number as 16, due to the more complex dynamics of the
deformable objects. For indoor extrapolation and segmentation tasks, we set keyframe

number as 4. The color decoder MLP has 2 hidden layers, each with 128 nodes.

(2) Interframe Velocity Field: The velocity field is defined as follows:

v = g‘b(pu t) = 9@(9573/727t) = w@(x7y7z7t)MV<xay7 Z), (34)

where ® are trainable parameters of MLPs.

Here we decompose the velocity field as a weight MLP we along with a velocity basis

field. In our experiment, we find this can make the velocity convergence faster. The
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velocity basis field is defined as:

10 0

0 1 O

0 0 1
Mv(xv y? Z) =

-z 0 =

-y x 0

0 —2 vy

(3.5)

The weight MLP is implemented as 4 hidden layers with 128 nodes, with a positional

encoder of dim 3 as in [76]. The output is a weight vector w € RS, which could be

regarded as the linear velocity in x, y, z directions and angular velocity rounding x, v,

z axis respectively.

3.2.3 Optimization of Keyframe Dynamic Radiance Fields

Given dynamic video frames of T timestamps {1---t---T}, there are two potential

strategies to optimize dynamic neural radiance fields.

e Strategy 1 - Dense Frame Optimization: This strategy uses all available video

frames of a specific dynamic 3D scene in the training set to optimize a dynamic

radiance field. This means that for the network fg, the time dimension ¢ is densely

sampled during optimization. Formally:

fo(z,y,z,0,0,t): te{l---t---T}

(3.6)

However, it has two limitations: 1) It is inefficient to learn accurate 3D geometry

and appearance because this strategy is somewhat equivalent to modeling a dense

number of static radiance fields for all timestamps. 2) It is hard to obtain a

disentangled physical velocity field for the entire 3D scene, as the change of physical

geometries is tightly encoded within the dynamic radiance field.
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e Strategy 2 - Canonical Frame Optimization: This strategy optimizes a
canonical representation of 3D geometry and appearance, usually joined with another
deformation or transportation network to warp the future (7' — 1) timestamps back

to the first timestamp. It can be seen as:

fo(z,y,2,0,0,t): te {1} (3.7)

However, such a strategy has a strong assumption that the corresponding point
appearances across different timestamps keep unchanged. Therefore, for dramatically
changing 3D scenes, the optimized geometry, appearance, and possible jointly learned

physics properties tend to be inferior.

Our Strategy - Keyframe Optimization: In this regard, we propose to adopt
a keyframe based strategy to learn the dynamic radiance field fg. In particular, we

uniformly sample K timestamps out of the total T' stamps to optimize fgo. Formally:

fo(w,y.2,0,0,t) « t € {[T/K],2[T/K],3[T/K],---T} (3.8)

Color images are rendered from the above keyframe dynamic radiance fields by sampling
points along rays. For each pixel, i.e. ray 7, in a keyframe at time ¢, the appearance
C (7, t) is obtained by volume rendering of NeRF [76] as shown in Equation Then

the network fg can be optimized by the following keyframe photometric loss:
Ekeyframe = ||C(’f’,tk) - C_’(r7tk‘)||a (39)

where C(r, 1) is the ground truth color observation.

This keyframe optimization strategy, albeit simple, has two unique advantages: 1)
It allows to sufficiently and accurately fit the sparsely sampled dynamic 3D scene
geometry and appearance given the same network capacity. 2) It allows the remaining
interframes belonging to the (T' — K) time stamps to be used for optimizing a

disentangled velocity field, as discussed in Section |3.2.4]
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3.2.4 Optimization of Interframe Velocity Fields

As to our interframe velocity field gg, it is impossible to directly supervise it using
ground truth labels as they cannot be collected in practice. However, there are some
physics rules to regularize the velocity field. The objects are transported by the velocity
field, and the velocity field is transported by itself according to some unobservable
hidden forces. In order to keep the mass and appearance of the objects, the velocity

field needs to be divergence-free and obeys the basic law of momentum conservation.

1) Mass Conservation: We enforce the appearance and volume density features,
denoted as f; both admit the conservation laws characterized by the divergence-free
implicit velocity field v(x,t):

Afi
ot

O
ot

Dfi
Dt

+V-(vfy) =

+UVfZ+fZVU:

+fiV"U:O,

where D% is the material derivative. Intuitively, we assume the objects moved by the
velocity field have a property of local rigidity, and the implicit velocity field should be
incompressible (or in other words free of sources or sinks of mass). Then we can get

the divergence-free constraint V - v = 0.

2) Momentum Conservation: The momentum of a velocity field is defined to
be pv, per unit volume. Newton’s second law of motion states that momentum is
conserved by a mechanical system of masses if no forces act on the system. If F(x,t)
is the force acting on the velocity, per unit volume, then we immediately have

D,
Z:F
th )

where we assume the implicit velocity field has uniform mass density p. As a result,

the momentum conservation constraint could be derived as:

F
=—+v-Vv=—=a. (3.10)

Note that, more complex physics dynamics beyond the daily 3D scenarios are out of

the scope of this chapter.

21



Chapter 3. General Physics-Constrained Velocity Fields

In this regard, our velocity field, i.e., v = go(p, t), needs to firstly satisfy the following

two constraints.

9
V, v =0, 6—1’+v Vv =a (3.11)

We simply turn these PDEs into the following two PINN losses [91] to optimize the

velocity field. Here we use v(p,t) as the network to avoid abuse of notation.

N M
1
Edivergence_free :W Z Z ||Vpn v pna tm)”
n=1 m=1
N M
1 V(P )
Emomentum :W Z Z ||— + ’U(Pm tm) : Vpnv(pna tm) - CLH (312)
n=1 m=1

where p,, is uniformly sampled in the whole 3D scene volume, and ¢, is uniformly
sampled from 0 to the interested maximum extrapolation time t,,,,, and a is the
general acceleration term learned by another MLP-based network: (z,y,z,t) — a.
Nevertheless, with such PINN losses, it is insufficient to optimize the velocity field itself,
since there are infinitely many solutions. To tackle this, we introduce an additional

interframe optimization strategy.

Interframe Optimization Strategy: Naturally, the 3D scene geometry and appear-
ance encoded in the keyframe dynamic radiance field, once appropriately transported
by the velocity field, should be able to render 2D images to match with the ground
truth observations in interframes belonging to the remaining (7" — K) timestamps.
To enforce such a constraint, the key challenge is to determine the color and density
values for all 3D points at each interframe timestamp, such that the volume rendering
equation can be applied to estimate RGB for each pixel at the interframe timestamp,
after which the photometric loss can be adopted. To tackle this, we propose the
following Algorithm [T}

Having the color and density values of all 3D points along ray r; in the interframe
of timestamp t;, the appearance C(r;,t;) is obtained by volume rendering of NeRF

[76]. Then both networks fo and ge can be optimized by the following interframe
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photometric loss.

ginterframe = HC(T’H tl) - C(T’ia tl)Hv (313)

where C(r;,t;) is the ground truth color observation.

3.2.5 Joint Keyframe and Interframe Optimization
Technically, the keyframe dynamic radiance field fg can be firstly trained by liey frame
only, and then the interframe velocity field go by Laivergence free +Cmomentum +inter frame-

Nevertheless, we empirically find that simultaneously propagating errors of interframes
back to the radiance field fg helps achieve better performance overall. Therefore, we

adopt the following joint keyframe and interframe strategy to optimize both networks.

f@ — (gkeyframe + ginte’/‘frame) (314)

Jo < (gdivergencegfree + gmomentum + ginterframe) (315>
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Algorithm 1 At a specific interframe timestamp ¢;, given a light ray r; with viewing
angle (0,¢) and S sample points {p;---ps---ps} along the ray, the objective of this
algorithm is to determine the color and density values for the S points along r;, denoted
as: {(e1,01) - (¢s,05) -+ (€s,05)}. In the meantime, we also have the keyframe dynamic

radiance field fg and velocity field gg.

Input:

e The ray direction (6,¢), the interframe timestamp ¢;, the S sample points on the ray
{p1--ps-pPs}h

e The K keyframe timestamps {t1 -ty -tx};

e The initialized and ongoing training networks: fg and gs;
Output:

e The «color and density values for S sample points along the ray:
{(e1,01) - (es,05) -+ (es,05)};
Preliminary step:

e Find the nearest keyframe timestamp t;, for the interframe timestamp t;:

ty, = argmin |t — t;|
ty

for p; in {p1---ps---ps} do
e Transport p; to its corresponding point p/, at its nearest keyframe timestamp {1, according to

its velocity field. The position of p’, can be obtained by:

ik
P, =ps+ / go(ps(t),t)dt, Runge-Kutta 2 solver [I5] is applied in our implementation.
t

i

e Retrieve the volume density o/, and view-agnostic color feature vector e/, for point p/:

(o), €.) « fo(p.,tx), Note: HexPlane [I0] can output a view-agnostic color feature e’,.

e Assign the retrieved features of p/, to the original point ps: (o5, es) + (0%, €%).

s

e Obtain the color ¢, for point p:
cs — foles,0,¢), Note: fo is a subnetwork of HexPlane [I0] as detailed in Sec

e Output (cs,0,) for point ps.

After the above for loop, we obtain all color and density values for S sample points.
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3.3 Experiments

Datasets: Our framework primarily focuses on learning meaningful physical velocity
fields for dynamic 3D scenes, instead of simply fitting video frames. Although there
are a number of dynamic 3D scene datasets in the literature, they are mainly collected
for the popular task of novel view synthesis within the training time period, i.e.,
interpolation in time dimension. Besides, the underlying motions of these scenes tend
to be chaotic, and estimating their future motions or transferring their motions are
hardly meaningful or entertaining in practice. In this regard, we introduce two new

synthetic datasets: 1) Dynamic Object dataset, and 2) Dynamic Indoor Scene dataset.

1) Dynamic Object Dataset: This dataset consists of 6 distinct 3D objects, each of
which displays a unique motion pattern, including either rigid or deformable movements
in 3D space. These 3D objects and their realistic motions are all designed by unknown
external practitioners from SketchFab, and we purchased their Licenses and will make

them available for free use in the community.

For each 3D object, we collect RGB images at 15 different viewing angles over 1 second,
where each viewing angle has 60 frames captured. We reserve the first 45 frames at
randomly picked 12 viewing angles as the training split, i.e., 540 frames, while leaving
the 45 frames at the remaining 3 viewing angles for testing interpolation ability, ¢.e.,
135 frames for novel view synthesis within the training time period, and keeping the
last 15 frames at all 15 viewing angles for evaluating future frame extrapolation, i.e.,

225 frames. Details of the 6 dynamic objects are:

e Falling Ball: A basketball is falling freely through a hoop. The basketball is
accelerated by gravity, which should be learned by the model.

e Telescope: A telescope is given, whose upper part is rotating while the lower

part remains static.

e Fan: An antique fan is given. The outer part of the fan is static, while the inner

25



Chapter 3. General Physics-Constrained Velocity Fields

fan is rotating. The embedded motion makes this scene difficult.

e Bat: A bat is flapping its wings. Since the wing is extremely thin, and the

motion is in a great extent, it’s hard to reconstruct the motion.
e Shark: A shark is shaking its tail left and right.

e Whale: A whale is flapping its tail up and down.

2) Dynamic Indoor Scene Dataset: We also collect another synthetic dynamic 3D
dataset, which includes 4 indoor scenes with multiple complex 3D objects undergoing
different rigid body motions. There are about 4 objects such as tables or chairs in
each 3D scene. Basically, such an indoor dataset aims to simulate potential scenarios

for robotics or VR applications to understand dynamic 3D scenes.

Since the indoor scene is significantly more challenging, for each 3D scene, we collect
RGB images at 30 viewing angles over 1 second, where each viewing angle has 60
frames captured. Similarly, we reserve the first 45 frames at randomly picked 25
viewing angles as the training split, i.e., 1125 frames, while leaving the 45 frames
at the remaining 5 viewing angles for testing interpolation ability, i.e., 225 frames,
and keeping the last 15 frames at all 30 viewing angles for evaluating future frame
extrapolation, i.e., 450 frames. The ground truth object segmentation masks are also

collected for evaluating the semantic decomposition capability in Section [3.3.2]

Details of the 4 scenes are:

e Gnome House: 3 objects are moving outwards from the center of a house: a

gnome, a sofa, and a treasure chest.

e Chessboard: 5 objects are moving towards each other on a chessboard: a horse
statue, a marble bust, and a china vase from one side, a wooden elephant and a

brass vase from the other side.
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e Factory: 5 objects are moving towards nearly the same direction, among which
2 objects are rotating at the same time: three barrels with different appearance,

a cardboard box, and a compost bag.

e Dining Table: 4 objects are falling down onto a dining table from the sur-

rounding air: an apple, a cake, a croissant, and a lime.

While existing dynamic 3D scene modeling techniques and the commonly used datasets
in literature are mainly designed for novel view rendering/interpolation within the
training time period, rather than for extrapolation beyond the training time period,
we evaluate our method on two selected scenes from a real-world dataset: NVIDIA
Dynamic Scene[I39]. It captures real-world dynamic scenes by a static camera rig
with 12 cameras. For each scene, we clip 60 frames with reasonable and predictable
motions. We reserve the first 46 frames at randomly picked 11 cameras as the training
split, i.e., 506 frames, while leaving the 46 frames at the remaining 1 camera for
testing interpolation ability, i.e., 46 frames for novel view synthesis within the training
time period, and keeping the last 14 frames at all 12 cameras for evaluating future

frame extrapolation, i.e., 168 frames.

Baselines: We carefully choose three representative groups of methods as our base-
lines: 1) dense frame optimization method T-NeRF [86] and NSFF [59], 2) canonical
frame optimization methods D-NeRF [86] and TiNeuVox [26], 3) PINN methods
T-NeRFp;nyn and HexPlanepryy. Both methods are adapted by us via integrating a

separate velocity field supervised by the same PINN losses as ours.

Metrics: For evaluating both interpolation and future frame extrapolation and motion
transfer, the standard metrics PSNNR, SSIM, and LPIPS scores are reported across
testing views. For evaluating semantic decomposition, the Average Precision (AP),
Panoptic Quality (PQ) and F1 scores with an IoU threshold of 0.5, together with the

mean Intersection over Union (mIoU) scores are reported.
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Table 3.1: Quantitative results for both novel view interpolation and future frame

extrapolation on Dynamic Object Dataset and Dynamic Indoor Scene Dataset.

Dynamic Object Dataset Dynamic Indoor Scene Dataset

Interpolation Extrapolation Interpolation Extrapolation

PSNRt SSIM{ LPIPS||PSNR{ SSIMt LPIPS)|PSNRt SSIMt LPIPS||PSNR{T SSIMt LPIPS|

T-NeRF[8C] | 13.163 0.709  0.353 | 13.818 0.739 0.324 |24.944 0.742 0.336 |22.242 0.700 0.363
D-NeRF[86] | 14.158 0.697 0.352 | 14.660 0.737 0.312 |25.380 0.766 0.300 |20.791 0.692 0.349

TiNeuVox[26] | 27.988 0.960 0.063 | 19.612 0.940 0.073 |29.982 0.864 0.213 |21.029 0.770 0.281

T-NeRFp;yn| 15286 0.794 0.293 | 16.189 0.835 0.230 | 16.250 0.441 0.638 | 17.290 0.477 0.618

HexPlanep;yy | 27.042 0.958  0.057 |21.419 0.946 0.067 | 25.215 0.763 0.389 |23.091 0.742 0.401

NSFF[59] - - - - - - 29.365 0.829 0.278 | 24.163 0.795 0.289

NVFi(Ours)|29.027 0.970 0.039 |27.594 0.972 0.036 |30.675 0.877 0.211 [29.745 0.876 0.204

Table 3.2: Quantitative results on the NVIDIA Dynamic Scene dataset.

Truck Skating

Interpolation Extrapolation Interpolation Extrapolation

PSNRt SSIM{ LPIPS||PSNR{ SSIMt LPIPS)|PSNRt SSIM{ LPIPS)|PSNR{ SSIMt LPIPS)

TiNeuVox[26] | 27.230 0.846 0.229 | 24.887 0.848 0.209 |29.377 0.889 0.202 | 24.224 0.878 0.220

HexPlanep;yn | 25.494 0.768 0.337 |24.991 0.768 0.325 |24.447 0.867 0.225 |23.955 0.868 0.232

NVFi(Ours)|27.276 0.840 0.235 |28.269 0.855 0.220 | 26.999 0.848 0.227 |28.654 0.896 0.208

3.3.1 Evaluation of Future Frame Extrapolation

We first evaluate the extrapolation capability of our method. Particularly, our method
and 5 baselines except NSFF are trained from scratch on each of the 6 objects in
Dynamic Object dataset, and all methods on each of the 4 scenes in Dynamic Indoor
Scene dataset, all in a scene-specific fashion. In total, (6 x 6) 4 (7 x 4) = 64 models
are trained for comparison. The final keyframe number K is set as 16 in our method
for Dynamic Object Dataset and 4 for Dynamic Indoor Scene Dataset. For NVIDIA
Dynamic Scene dataset, we evaluate our model and 2 baselines with comparable

results on our own datasets, where the final keyframe number K is set as 4 in our
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method. In order to adaptively adjust the number of keyframe number according to
the reconstruction performance, we use a coarse-to-fine pipeline to reconstruct the
keyframe radiance field, i.e. we begin with a small keyframe number K and gradually
increase it till the reconstruction achieving promising results. And the final keyframe

number listed above is chosen the best based on our observation during training.

Analysis: Table compares all methods regarding the quality of view synthesis for
future frame extrapolation. The view synthesis for interpolation is also included for
comparison. It can be seen that: 1) our NVFi achieves significantly better results than
all baselines on both dynamic datasets, particularly on the critical task of future frame
extrapolation, although the strong baseline TiNeuVox shows excellent performance for
interpolation. 2) Naively adding physics priors into an existing dynamic NeRF tends
to be inferior as shown by T-NeRF p;yny and HexPlanep;yy. This clearly verifies the
effectiveness of our special design of the joint keyframe and interframe optimization
strategy. More qualitative results are in Figure (a). Table compares our method
and two best baselines. It can be seen that, even if our NVFi only gets comparable
performance in interpolation, it still achieves the best performance in extrapolation
without any performance drop compared with interpolation thanks to the accurate
motion predictions. Qualitative results for NVIDIA Dynamic Scene are in Figure [3.3
We also test the performance of our NVFi on a synthetic smoke scene to demonstrate
our ability in modeling fluid-like cases. It can be seen that, although our method
cannot predict the unseen diffusion behavior without specific priors, our method can

still make right predictions for momentum motion.

3.3.2 Evaluation of 3D Semantic Scene Decomposition

Having the well-trained keyframe dynamic radiance field fg and interframe velocity
field go for each 3D scene in the Dynamic Indoor Scene dataset in Section [3.3.1]

naturally, all individual 3D objects such as chairs and tables undergoing different
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Figure 3.5: The optimization pipeline of our method for scene decomposition. The
solid black lines represent forward inference while the dashed gray lines represent

backward supervision.

movements are supposed to be automatically discovered, segmented, and tracked

without needing any extra object annotations as supervision signals.
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In order to achieve this desirable unsupervised object decomposition objective, a naive
strategy is to query the velocity values of dense 3D points in space, followed by a
velocity clustering module to group points into objects. However, such a strategy
fundamentally fails to recognize object shapes but just identifies similar motions,

thereby tracking objects is also infeasible.

A more elegant strategy is to directly learn an object code o, (usually one-hot) for
each 3D point p within the entire 3D scene volume at the initial timestamp t = 0,
without retraining any neural layer of the well-trained networks fo and ge but just
using them. This would clearly allow all dynamic 3D objects in the scene to be
segmented and tracked over time. To this end, we simply introduce a simple 4-layer
MLP as the semantic scene decomposition network hg. It takes a 3D point p as input,
directly regressing its object code o0y, i.e., 0, = hy(p) which is optimized using the

following steps. Figure illustrates the optimization pipeline of our method.

e First, given the well-trained keyframe dynamic radiance field fg, we uniformly
sample dense 3D points at timestamp ¢ = 0, obtaining their density values. Only
3D points with sufficiently large densities are kept as valid points for the subsequent

steps, obtaining a non-empty point set P € RY*3 with N points at ¢t = 0.

e Second, the valid 3D points are fed into our new object segmentation network
hy (initialized but yet to be trained), obtaining their corresponding object codes
O € (0, 1)NXK, where K is a predefined number of objects that the network is

expected to predict in maximum.

e Third, the valid points are transported to their correspondences at a random
timestamp t' using the well-trained velocity field g. Thus, we can compute the

per-point motion vectors M* € RV*® as M¥ = P¥ — P,

e Lastly, given per-point motions, we employ the dynamic rigid consistency and spatial
smoothness losses proposed in OGC [102] to optimize the object segmentation

network hy.
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1) Dynamic rigid consistency: For the k' object, We first retrieve its (soft)
binary mask O¥, and feed the tuple { P, P, O*} into the weighted-Kabsch algorithm
to estimate its transformation matrix T, € R*** belonging to SE(3) group. Then

the dynamic loss is defined as:

Cagnamic = %2}; | (fjo,’z {(Tiop)) - (p+m)

k=1

‘2 (3.16)

where o} represents the probability of being assigned to the k" object for a specific
point p, and m? € R® represents the motion vector of p from timestamp 0 to t'.
The operation o applies the rigid transformation to the point. This loss serves to

discriminate objects with different motions.

2) Spatial smoothness: We first search H nearest neighboring points for each

point p in P. Then the smoothness loss is defined as:

H
Csmooth = % Z (% Z ||Op - Oph||1> (317)
h=1

peP

where o, € (0, 1)K represents the object assignment of center point p, and o, €
(0, 1)K represents the object assignment of its h'® neighbour point. This loss servers

to avoid the over-segmentation issues. We refer readers to [102] for more details.

Once the object segmentation network hy is learned, all dynamic objects at time
t = 0 are segmented. With the aid of the well-trained velocity field, in any subsequent
timestamps, all these identified objects can be naturally tracked. In addition, with the
aid of well-trained keyframe dynamic radiance field fg, we simply use the accumulated
weights computed in volume rendering to combine point object codes along a given
light ray, thus rendering accurate object segmentation 2D masks for any camera poses

at any given timestamps.

We evaluate the semantic scene decomposition ability on the Dynamic Indoor Scene
dataset. In particular, we render all 2D object segmentation masks from our network

at the 30 viewing angles over 60 frames for all scenes, .e., 7200 2D masks, and then
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Table 3.3: Quantitative results of scene decomposition on Synthetic Indoor Scene

dataset.

APT  PQT F11  Pret Rect mloU?T
Mask2Former[I8] 65.37 73.14 7829 94.83 68.88 64.42
D-NeRF[86] 57.26 46.15 59.02 56.55 62.94 46.58
NVFi(Ours, At =0.5) | 75.82 63.34 8059 80.78 8L11  57.05
NVFi(Ours, At = 0.06) | 91.21 78.74 93.75 093.76 93.74 67.64

evaluate them against ground truth masks. For a fair comparison, we also train a
similar object segmentation network for the baseline D-NeRF [86] at time ¢ = 0,
using its learned deformation vectors as supervision signals and tracking signals. Note
that, the deformation vectors are converted back as motion vectors. In addition, we
include an image-based object segmentation method, the powerful Mask2Former [I§]

pre-trained on COCO [62] dataset, as a fully-supervised baseline.

Analysis: As shown in Table , we can see that: 1) Our object segmentation
performance is superior to D-NeRF [86], essentially because our velocity field learns
better scene dynamics than the deformation field, thus enabling the object segmentation
network to be better optimized. 2) We also clearly surpass the powerful pre-trained
Mask2Former [I8] on all metrics. The reasons are two-fold. First, we fundamentally
rely on motion patterns rather than appearances to discover objects, thus being able
to generalize to unseen object types ("Genome") or scenes ("Factory") better than
Mask2Former [I§]. Second, our learned object field inherently leverages multi-view
consistency, thus allowing the segmentation of partially occluded objects. Figure

3.7(b) shows qualitative results.

3.3.3 Evaluation of Motion Transfer

We further demonstrate the ability of our model to transfer a well-trained velocity field

to another separately trained static scene. All objects in the new scene are expected
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Figure 3.6: Qualitative results for objectwise motion transfer.

to undergo the same dynamics as learned in the velocity field. The more accurate the
learned velocity field, the more realistic and entertaining the new 3D scene will be,

after applying the learned dynamics.

In order to evaluate the performance, we create a new 3D scene, called Gnome-new,
being similar to the scene Gnome in our Dynamic Indoor Scene dataset. We apply
the same dynamics of Gnome on Gnome-new, recording 30 x 60 = 1800 frames
as its ground truth observations. To explicitly show the advantage of our learned
disentangled velocity field, we separately train a static TensoRF [12] model for Gnome-
new only using its frames at time ¢ = 0. Note that, any other NeRF variants are also

applicable here. We then pick up the well-trained velocity field of Gnome in Section
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3.3.1] after which we directly apply the learned velocity field on the newly trained
static TensoRF model, rendering 30 x 60 frames for a comparison with the ground
truth images. Similarly, we apply the deformation field learned by D-NeRF in Section
in the same transferring pipeline, rendering 2D images for comparison.

Analysis: Figure|3.7|(c) shows that our
gure[31c) Table 3.4: Quantitative results of motion
method clearly keeps the geometry and
transfer on Synthetic Indoor Scene dataset.
appearance of the new static object,

thanks to the accurately learned disen- PSNR{ SSIM{ LPIPS|
tangled Velocity ﬁeld, whereas D-NeRF D-NeRF [86; 16.124 0.327 0.550
[80] fails to do so. However, we observe NVFi(Ours) 16.178 0.334  0.551

that in Table [3.4] our advantage is not

so significant. This is because the static reconstruction of Gnome-new lacks supervi-
sion signals for ground planes occluded by objects, leading to rendering artifacts in
these regions when objects are moved away by motion transfer. Our strong ability of
motion transfer is further validated by additional experiments on our Dynamic Object

Dataset in Figure |3.6

3.3.4 Ablation Study

We take the following ablation studies to validate the design of our method:

(1) Without Joint Optimization: We only use {4y frame to train the keyframe
dynamic radiance field fg, followed by the (Cgivergence free + Cmomentum + Linter frame)

to separately train the velocity field gg.

(2) Removing Physics Constraints: The PINN losses ({aivergence free 1 Lmomentum)

are removed to train ge.

(3) Choice of Keyframe Number K: We set the keyframe number K as 8 and 32,

while we choose K = 16 in main experiments.
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(4) Reducing the Number of Cameras: we reduce the number of cameras used in
our Dynamic Object datasets to half of the number, i.e., 6 cameras, and one quarter

of the number, i.e., 3 cameras.

Table 3.5: Quantitative results of ablation studies on Dynamic Object dataset.

Interpolation Extrapolation
Joint Physics #K | PSNRT SSIM{T LPIPS] | PSNRT SSIM1T LPIPS]
v v 16 29.027 0.970 0.039 | 27.594 0.972 0.036

X v 16 27.525  0.959 0.057 24.792  0.955 0.059
v X 16 29.109 0.970 0.039 25.537  0.968 0.040
v 4 8 29.355 0.970 0.041 27490 0.974 0.036
v v 32 28.922  0.969 0.042 24.902  0.964 0.037

Table 3.6: Quantitative results of ablation studies on Dynamic Object dataset.

Interpolation Extrapolation
Number of Cameras | PSNR1T SSIM1T LPIPS] | PSNRfT SSIMt1 LPIPS]
12 29.027 0.970 0.039 | 27.594 0.972 0.036
6 25.689  0.954 0.051 25.114  0.959 0.122
3 21.460  0.912 0.088 21.370  0.917 0.084

Table [3.5] and Table |3.6| show the ablation results on our Dynamic Object dataset,
and we are more interested in the performances for future frame extrapolation . We
can see that: 1) The joint keyframe and interframe optimization strategy is critical to
enable our method to learn accurate velocity field as well as dynamic radiance field.
2) Once the keyframe number K becomes larger, the extrapolation capability clearly
drops, validating that the dense supervision is inferior to help learn physics velocity
overall. 3) The extremely sparse camera views are unlikely to capture sufficient visual

information for physical motion learning.
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3.4 Conclusion

In this chapter, we extend the appealing radiance field to represent dynamic 3D scenes
from multi-view videos. Unlike most of the existing methods which focus on novel view
synthesis within the training time period, our method learns to disentangle the physical
velocity field from the geometry and appearance of 3D scenes by jointly optimizing two
neural networks: the keyframe dynamic radiance field and the interframe velocity field.
Extensive experiments on three dynamic datasets demonstrate that our framework
learns accurate velocity, enabling successful applications in future frame extrapolation,

semantic scene decomposition, and motion transfer.
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Figure 3.7: Qualitative results of baselines and our method on the three tasks.
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Chapter 4

Efficient Physics Learning via

Divergence-free Velocity Fields

4.1 Introduction

Obtaining an accurate physical model for complex dynamic 3D environments is a
key enabler for many emerging applications, including robot planning, embodied
interaction, and dynamic 3D /4D generation. Represented by NeRF [76], 3DGS [49]
and their variants [86] [7, [60] 137, 125, [50], recent advancements in 3D learning have
demonstrated an unprecedented level of fidelity in modeling dynamic 3D scenes, achiev-
ing excellent performance in novel view interpolation and/or 3D shape reconstruction.
However, the majority of these approaches lack the core ability of future prediction,

essentially because they fail to effectively learn physical properties of 3D space.

To learn physical properties, one line of works introduces various governing PDEs,
commonly known as PINN [91], into the learning process of dynamic 3D scenes. While
achieving encouraging results in modeling 3D physics such as velocity and viscosity
[211, B3], 57, 12T], the integration of PINN losses often compromises the accuracy of

learned physics in boundary regions, leading to blurred predictions for future frames.
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Figure 4.1: Given video frames of a real-world dynamic scene, our FreeGave can learn
the underlying physics and accurately predict the future motion of a purple pen going

through the hole of a tape, while existing baselines cannot.

Another line of works explicitly incorporates various physics models into neural
networks [42], 124], 1511, O], showing impressive results in learning physical properties
and further transferring to simulation. Nevertheless, these methods are usually limited
to specific types of objects or motions, as the encoded physics models are often less
generic than PINN constraints as used by NVFi in Chapter |3 necessitating additional

boundary conditions such as object masks.

In this chapter, we aim to present a simple and general method for learning physics of
complex dynamic 3D scenes using only multi-view videos, without needing any PINN
losses or extra priors such as object types or masks, which are often needed by existing
methods. Among various physical properties of a dynamic 3D scene, we follow NVFi
[53] as shown in Chapter |3| and focus on learning 3D velocity as it directly governs 3D

dynamics and future predictions.

Given video frames containing an unknown number of objects/parts exhibiting diverse

motions, at a single glance, it is extremely challenging to learn velocities of all
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(unknown) objects or parts in 3D space, due to the lack of physics and semantics in
raw pixels. Nevertheless, the whole dynamic 3D scene can be simply regarded as a
collection of many 3D rigid particles with their own sizes, orientations, and motion
patterns. The dynamics of each particle are actually governed by its hidden physical
parameters, such as mass and forces. Thus, our challenge of learning complex 3D

dynamics can be naturally framed as learning dynamics of these particles in general.

With this motivation, we propose an elegant pipeline to simultaneously learn 3D
geometry, appearance, and velocity of dynamic scenes. Treating each 3D Gaussian
kernel as a rigid particle, we extend the successful 3DGS [49] to learn an additional
physics code for each 3D Gaussian. With such a code, the 3D velocity of each Gaussian
is then learned from visual pixels without relying on PINN losses. Particularly, our
pipeline comprises three major components: 1) a canonical 3D representation
module which adopts a vanilla 3DGS to learn the dynamic 3D scene geometry
and appearance at a canonical timestamp; 2) a neural divergence-free Gaussian
velocity module to estimate per-Gaussian velocity based on the introduced latent
physics code; and 3) a deformation-aided optimization module to drive the

velocity to be physically meaningful.

The core to our pipeline lies in the latter two modules. Basically, given video frames
of a dynamic 3D scene, our neural divergence-free Gaussian velocity module together
with the optimization strategy explicitly drives the per-Gaussian physics code to
describe the corresponding motion patterns in latent space. This ensures that the
estimated velocities adhere to fundamental physics rules, ultimately enabling precise
predictions of future frames. Figure shows qualitative results of a challenging

dynamic scene.
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Figure 4.2: The leftmost block shows the canonical 3D Gaussians module, the middle
bottom block shows the deformation-aided optimization module and the right block

shows our divergence-free Gaussian velocity module.

Our method is named FreeGave and our contributions are:

e We introduce a general framework for learning physics of dynamic scenes solely from

RGB videos, eliminating the need for any object priors, such as types and masks.

e We propose to learn per-Gaussian velocities from latent physics codes, guided by a

carefully designed divergence-free ingredient instead of inefficient PINN losses.

e We showcase superior results in future frame extrapolation on three existing datasets,

and a newly collected real-world dataset featuring highly challenging dynamics.

4.2 FreeGave

Given dynamic multi-view RGB videos with known camera poses and intrinsics over
time, all frames are denoted as {{I& e I INY - ALE T I%V}}, where N
represents the total number of cameras and 7T the greatest timestamp in training. Our
pipeline is designed to simultaneously learn 3D geometry, appearance, and velocity
information of the captured dynamic scene. As shown in Figure[4d.2] the first component
- canonical 3D representation module - aims to learn a set of 3D Gaussian kernels
to represent the 3D scene geometry and appearance in a canonical space, which is

elaborated in Section [4.2.1} The second component - neural divergence-free Gaussian
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velocity module - attempts to learn the 3D velocity of each Gaussian kernel, which is
detailed in Section while the third module - deformation-aided optimization - is
discussed in Section [£.2.3]

4.2.1 Canonical 3D Representation Module

Following the vanilla 3DGS [49], this module aims to learn a set of 3D Gaussian
kernels P, to represent the canonical scene geometry and appearance at time ¢t = 0.
Each kernel is parameterized by a 3D position pg, covariance matrix converted from
quaternion 7y and scaling s8¢, opacity o, and color ¢ converted from spherical harmonics
(SH). Following prior works of dynamic Gaussian [125] [137], we assume the opacity o
and color ¢ of each Gaussian are not changed over time, but constantly associated

and transported with the kernel.

We exactly follow 3DGS to train canonical kernels. Having the N images at time
t = 0, we first initialize all canonical kernels Py randomly or based on sparse point
clouds created by SfM [96], and then project kernels into camera space, rendering 2D
images and optimizing Gaussian parameters via ¢; and /g, losses as used in 3DGS:

render

\{' ' (pg,'l"g, So, O, C) . } : {I(% : Ig . Iév} (41)

- gl +£ssim

B
4.2.2 Divergence-free Gaussian Velocity Module

This module aims to model the velocity of each Gaussian kernel. A naive solution is to
implement a simple network similar to our prior work NVFi [53] (Chapter [3) to take
each Gaussian as input and directly regress the corresponding 3D velocity, followed by
commonly-used PINN losses to drive the estimated velocity to be physically meaningful,
i.e., divergence-free for volume preserving (or mass conservation). However, there
are two key limitations. First, it is extremely hard to learn distinct 3D velocities

for neighboring Gaussians exhibiting radically different motions, as a neural network
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just models a continuous and smooth function. Second, PINN losses are inefficient in
learning physics priors as they involve dense sampling in both spatial and temporal
dimensions during training. To this end, we tackle the problem of Gaussian velocity

learning by introducing the following new technique ingredients.

Physics Code: For each canonical Gaussian, we propose to learn a vector z, which
is regarded as a latent physics code to generally describe the underlying physical
information possibly including mass, forces, etc.. Basically, this code aims to explain
the motion type of a Gaussian kernel over a whole period of time. Therefore, the code
z is shared across all timestamps. In particular, we feed the position of each canonical

Gaussian into an MLP-based network f,.q, directly predicting its physics code z:

2 = fede(Po), 2z€RF (4.2)

Technically, we may assign a learnable code to each canonical Gaussian independently.
Nevertheless, such a strategy, albeit flexible, involves too many parameters to learn and
we empirically find it is inferior as verified in our ablation study. Now, all canonical

Gaussians P, are as follows:

Po(—{"'(po,ro,S0,0',C,Z)"'} (4'3)

Divergence-free Velocity: Having the physics code of a Gaussian kernel, our goal
is to estimate its velocity field over the whole time period, without relying on the
inefficient PINN losses. However, the estimated velocity field for each Gaussian must
satisfy the basic divergence-free property. Otherwise, the extrapolated future frames

will not be physically meaningful.

To this end, we treat each canonical Gaussian pg as a rigid particle with its size and
orientation, whose future motion is governed by a divergence-free velocity field v(py, t),
where p; indicates the Gaussian position at time t. To learn the divergence-free
velocity field v(py,t) for a rigid particle, we propose to disentangle v(py,t) into six

e veloci .V, . . t
basic velocity components: V, < [vf, v}, v7, wi, w{, w¥] and a basis matrix B(p,),
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where vf /v{ /vf represent the linear velocities along x/y/z axes respectively, and
wfi Jwy /w¥ represent the angular velocities of the rigid particle around z/y/z axes

respectively. Mathematically, the velocity field v(py,t) is decomposed as follows:
’U(pt, t) = Vt . B(pt), Vt € RlXG B(pt) S RGX?’ (44)
where B(p;) is a set of basis vectors defined as follows:

100 —p/ pf O
Blp)=10 10 p¢ 0 —p; (4.5)
001 0 -pf pf

where p? /p! /pi represent the values of p; at x/y/z axes. The left three columns
correspond to the linear velocities vf /v /vf, whereas the right three columns correspond
to the angular velocities wf/w; /wf. Note that, to guarantee the divergence-free

property of v(py,t), we will design V; to be irrelevant to p;.

For any specific rigid particle at time ¢, we can easily collect its canonical position py
and physics code z = feoqe(Po). To learn Vy, a naive solution is to feed z and ¢ into an
MLP-based network, directly decoding a 6D vector. Nevertheless, we empirically find
that this is too flexible and results in inferior performance as shown in our ablation

study. To tackle this issue, we opt for a simple design illustrated in Figure |4.3

Co =
I . ﬂ P
1 1 B Il ’:
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|

Figure 4.3: An illustration of the network architecture to learn basic velocity component

V;. Each Gaussian kernel is assigned to different learned motion patterns.

45



Chapter 4. Efficient Physics Learning via Divergence-free Velocity Fields

In particular, we first feed the physics code z into several MLP layers f, ..k, obtaining
a bottleneck vector h € RX, where K is a relatively small hyperparameter. In parallel,
we feed the timestamp ¢ into another several MLP layers fyeignt, obtaining a K x 6
vector. This is followed by a reshape operation and we get a matrix W, € RE*6. The

basic velocity component V, is obtained by a matrix multiplication as follows:

Vi=h-W, = fneck(z) : fweight(t) (4-6)
Basically, our insight behind this simple design is that: the physics code z tends to be
decoded into K types of motion patterns by fpeck, whereas fyeignt tends to generate
a set of weights to select the decoded motion patterns at a particular timestamp t.
Each motion pattern serves as a motion agent, whose value is simply zero for those
static patterns. Since there could be not only one static pattern, the weights matrix
fweight tends to be sparse. Empirically, such a simple architecture achieves superior

results, and we leave more sophisticated designs for future exploration.

Proof of Divergence-free Property: In order to prove the divergence-free property,
we just need to show V,, - v(p:,t) = 0. Since V; is totally irrelevant to p;, we only

need to show each basis vector function follows V,, - B¥(p;) = 0, i.e.:
6
vpt ’ v(ptvt) = th ’ (Vt ’ B<pt)) = ZvaPt ’ Bk<pt) =0.
k=1

Next, we show that each of the basis vector functions is divergence-free:

Vo, - B (D) = Vp, - :1 0 0: = aa;f = 0;
Voo - B2 (pr) = Vp, - :0 1 o: = (%, = 0;
Vo - B(Pr) = Vi, - :0 0 1: - aa;f _ 0.
V. BYpr) = Vi, - :—p? pi 0: = agpf + gﬁ; =0;
Vi, - B*(pt) = Vi, - :pf 0 —pf: = gﬁg 83_]3?; =0;
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4.2.3 Deformation-aided Optimization

Regarding each Gaussian kernel, we need to effectively optimize its physics code z and
basic velocity components V;, such that the corresponding per-Gaussian velocity field
v(py, t) is physically meaningful. However, this is particularly challenging because
there are only multi-view images at sparse timestamps as supervision without any
other priors. We empirically find that directly training all networks is hard to converge

as shown in our ablation study.

In this work, we introduce an auxiliary deformation field to aid the optimization
process of our pipeline. In particular, we feed each canonical Gaussian kernel py,
timestamp ¢, and its physics code z into an MLP-based network fgeform, predicting the
corresponding position displacement dp, and the change of quaternion dr and scaling
0s from timestamp 0 to ¢. Naturally, all Gaussians P; at time ¢ can be computed by
transporting all canonical Gaussians as follows. The deformation operation o follows

[137], representing quaternion multiplication.

<5p7 (57’, 68) = fdefm“m(pOytJ Z), z = fCOd6<p0> (4'7)

Pt =Ppo+0p, T =rp0d0r, S =S8)-08

Pt<_ {"'(ptartvstvaacvz)"'}

With our design of physics code z, basic velocity components V;, and the deformation
field faefom, we now discuss how to link and train them together, ultimately driving

the learned per-Gaussian velocity field to be truly learned.

First, given training images {{I} - -I'} - {I} - -I¥}} and the canonical Gaussians
Py, we sample a timestamp t from training set and another timestamp t’, where

At =t —t' is predefined to be small enough. We can obtain Gaussians Py via the

auxiliary deformation field fueform (Eq :

Pt'<—{'"(pt’,rt',St'>UaC>Z)"‘} (4.8)
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Second, we feed the set of Gaussians P, at time ¢’ and the sampled interval At into
our interleaved mid-point Algorithm [2] predicting the set of Gaussians P, at time ¢

transported by our per-Gaussian velocity field.

Algorithm 2 Interleaved mid-point method.
Input: (1) Gaussians at t: {-- (py,7v,8¢,0,¢,2) -}, and (2) At

Output: Gaussians at ¢, i.e., at (¢’ + At): { - (py, T4, 81,0,¢,2) - }

o V(py,t) < freck(Z) -+ fuweignt(t) - B(py), (ref to Egs / /

® Diid < P + SLv(py, t)

® Vpid < [neck(Z) + fueignt(t' + %) - B(Prmia)

® p; < py + Atvyg

e Convert quaternion to rotation: Ry < 7y

e R+ (I+ At%)Rt/, (following the approximation in [128])

e Convert rotation to quaternion: r; + R,

e Assign sy to s;: 8; < Sy, (each Gaussian is a rigid particle with its size fixed
over time, ensuring the divergence-free property)

Return: All gaussians at ¢: { (ps, T, 84,0,¢,2) - }

Third, having the set of Gaussians P; transported from ' by our per-Gaussian velocity
field, we project them to 2D space, rendering RGBs supervised by the total /N training
views {I}--IN} at time ¢ via the following standard 3DGS losses. Notably, similar as
standard 3DGS reconstruction, when an object or an object part is observed only in
the later timestamp but not in the canonical timestamp, the corresponding Gaussians

will be densified according to the supervision at later timestamps.

{P07 fcodea fneckza fweighta .fdeform} — (61 + essim) (49)

48



4.3. Experiments

4.3 Experiments

Datasets: Our method focuses on learning physical information from dynamic
videos for accurate future frame predictions, rather than fitting training views for
interpolation. In this regard, the closest work to us is NVFi [53], and we mainly
evaluate our method on its two synthetic dynamic datasets: 1) Dynamic Object
Dataset which consists of 6 dynamic objects undergoing different rigid or deformable
motions; and 2) Dynamic Indoor Scene Dataset which comprises 4 complex
indoor scenes with 3 to 6 objects exhibiting challenging motions. For the sake of
motion diversity, we also evaluate another synthetic 3) ParticleNeRF Dataset[]],
which includes various motions from robot manipulation to harmonic oscillation. All

datasets have test splits for novel view interpolation and future frame extrapolation.

More details about Dynamic Object Dataset and Dynamic Indoor Scene Dataset are

in Section [3.3] For ParticleNeRF Dataset, it includes 6 challenging dynamic objects.

e Object #1: Robot: a robot arm waving from one side to another side.
e Object #2: Robot Task: a robot arm putting a box onto a sliding platform.
e Object #3: Wheel: a constant rotating wheel.

e Object #4: Spring: a box tied on a spring, which undergoes a harmonic
oscillation motion. The training and the test observation period in total form a

whole oscillation period.

e Object #5: Pendulums: two swing pendulums, each undergoing harmonic
oscillation motion. The training and the test observation period in total form a

whole oscillation period.

e Object #6: Cloth: a flat cloth being folded.

Each scene contains 40 viewing angles. For Object #1 & #2, we choose the first
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53 frames from 36 selected viewing angles as the training split, i.e. 1908 frames in
total, and the first 53 frames from the other 4 viewing angles for evaluating novel
view interpolation within the training time period, i.e., 212 frames in total. All
the remaining 17 frames from 40 viewing angles are used to evaluate future frame

extrapolation, i.e., 680 frames.

For Object #3 & #4 & #5 & #6, the first 104 frames from 36 selected viewing angles
are used as the training split, i.e., 3744 frames in total, and the first 104 frames from
the other 4 viewing angles are used for evaluating novel view interpolation within the
training time period, i.e., 416 frames in total. All the remaining 36 frames from 40

viewing angles are used to evaluate future frame extrapolation, i.e., 1440 frames.

While NVFi [53] is evaluated on a real-world dataset, it just has two simple scenes
selected from NVIDIA Dynamic Scene Dataset [139] which is not primarily collected
for physics learning. Since this field of study is still in its infancy and there is lack
of real-world datasets in high-quality, we opt to collect a new real-world dataset
particularly for benchmarking 3D physics learning, which is the first of its kind to the

best of our knowledge and will be made public.

4) FreeGave-GoPro Dataset: We capture 6 dynamic scenes with 20 GoPro cameras
(GoPro Hero 10 Black). All cameras are rigged on tripods and placed around an
operation platform, as illustrated in Figure [4.4l The 6 dynamic scenes consist of
particularly challenging physical motions such as a moving object is tightly beside a

static object, or a thin object is moving through a tiny hole of another object.

We use voice to synchronize all videos and use COLMAP [96] on the first frames of
all 20 views to estimate camera poses. Since all cameras are fixed under a stabilizing
mode, the camera poses do not change over time. For each dynamic scene, we select
89 frames from each view, and resize images to be a resolution of 960 x 540. We
reserve the first 67 frames at 17 picked viewing angles as the training split, ¢.e., 1139

frames, while leaving the 67 frames at the remaining 3 viewing angles for evaluating
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Figure 4.4: The camera settings for our dataset collection.

novel view interpolation within the training time period, i.e., 201 frames. We keep the
last 22 frames at all 20 viewing angles for evaluating future frame extrapolation, i.e.,

440 frames in total. The details of each of the scenes are listed below:

e Scenes #1/#2: Pen & Tape. There is a person holding a pen and trying
to pass it through the hole of a static tape. The difference between these two
scenes is that there are more static objects in the second scene, introducing more
visual occlusions and requiring more accurate separation between moving areas
and static areas. The difficulty lies in the motion of one object which is going to

penetrate through another in future.

e Scene #3: Box. This scene contains a drawer-like box, and a person is trying
to close it. The difficulty lies in a tight combination of the moving part and the

static part of the box, especially in future.

e Scene #4: Hammer. This scene contains a hammer moving on the topside
of a box. The difficulty lies in the direct contact of moving objects and static
objects, which requires sharp separation of diverse motion patterns in order to

keep right static/moving states in future.
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e Scene #5: Collision. This scene contains a cube and a cup moving towards
each other. The difficulty is the different directions of two motions. It is hard to

keep the shapes of these two objects in future.

e Scene #6: Wrist Rest. A person is trying to bend a wrist rest. The difficulty

is that the object is deformable and the motion is not rigid or part-wise rigid.

Baselines: We choose the following baselines: 1) NVFi [53]. It is the closest
work to us, but relies on PINN losses to learn physics priors whereas we directly
build a divergence-free velocity field for each rigid particle. 2) T-NeRF [86], 3)
D-NeRF [86], 4) NSFF [59], and 5) TiNeuVox [26]. All these baselines adopt NeRF
framework as the backbone, thus being short in 3D reconstruction compared to 3DGS.
As our method adopts 3DGS, for a fair comparison, we also include the following two
baselines. 6) DefGS [137]. This recent method Deformable 3D Gaussians is excellent
to model dynamic 3D scenes for novel view interpolation, but lacks the ability for
future prediction. In this regard, we build the most comparable baseline to us 7)
DefGS,,, i by combining DefGS with the velocity field proposed by NVFi. It shows
strong ability in novel view synthesis (inherited from DefGS) and extrapolation ability
(inherited from NVFi framework). To be fair, we combine the original deformation field
of DefGS with exactly the same velocity field of NVFi. The same deformation-aided

optimization as our FreeGave is used to train DefGS,, ;.

Metrics: The standard metrics PSNR, SSIM, and LPIPS are reported for RGB

view synthesis in two tasks: novel view interpolation and future frame extrapolation.

Implementation Details: We implement our networks by MLPs, and the detailed

configurations are as follows:

® f.ode: This network includes 4 MLP layers and each hidden layer has a size of
128 neurons followed by ReLLU activation. In addition, we make a positional

encoding for input positions with degree of 8. And we set the dimension of the
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physics code L as 32 for Dynamic Indoor Scene dataset and 16 for the others.

frneek: This network has MLP layers as L — 4L +— 4L — K. We choose the
bottleneck vector dimension K as 32 for Dynamic Indoor Scene dataset and 16

for other two datasets.

fweignt: This network includes 5 MLP layers and each hidden layer has a size of
128 neurons. In addition, we make a degree of 8 positional encoding for input
positions, and we add a ResNet connection on the 3rd layer. The output vector

has a dimension of K * 6 and is reshaped as a matrix of K x 6.

faeform: For two synthetic datasets, this network includes 6 MLP layers and
each hidden layer has a size of 128 neurons, while it includes 8 MLP layers and
each hidden layer has a size of 256 neurons for the challenging FreeGave-GoPro
dataset. In addition, we also make a degree of 8 positional encoding for input
positions, and the physics code z is concatenated to the encoded position. We

also add a ResNet connection on the third layer.

4.3.1 Evaluation for Future Frame Extrapolation

We evaluate our method on all four datasets for both novel view interpolation and

future frame extrapolation. All baselines are evaluated on the Dynamic Object and

Dynamic Indoor Scene Dataset. We select 4 representative baselines to compare on our

new FreeGave-GoPro Dataset, including TiNeuVox, NVFi, DefGS and DefGS,,, ;.

Results & Analysis: From Tables [4.184.2] it can be seen that: 1) Our FreeGave

achieves the best performance on all datasets, clearly surpassing all baselines by a

large margin on the challenging task of future frame extrapolation, showing that our

method can indeed learn the underlying physical information, thus predicting accurate

future motions. 2) Our method also achieves better scores on the task of novel view

interpolation, notably outperforming the strong baselines DefGS and DefGS,,,, ;.
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Table 4.1: Quantitative results of all methods for both novel view interpolation and
future frame extrapolation on Dynamic Object Dataset and Dynamic Indoor Scene
Dataset, and future frame extrapolation on ParticleNeRF Dataset. Bold numbers

indicate the best performance.

Dynamic Object Dataset Dynamic Indoor Scene Dataset ParticleNeRF Dataset

Interpolation Extrapolation Interpolation Extrapolation Extrapolation
PSNRt SSIMt LPIPS| | PSNRT SSIMt LPIPS| | PSNRT SSIMt LPIPS| | PSNRt SSIMt LPIPS| | PSNRt SSIMt LPIPS|
T-NeRF [B6] | 13.163  0.709 0.353 13.818 0.739 0.324 24.944  0.742 0.336 22.242  0.700 0.363 - - -
D-NeRF [86] | 14.158  0.697 0.352 14.660  0.737 0.312 25.380  0.766 0.300 20.791  0.692 0.349 - - -
T-NeRFp/ny | 15.286  0.794 0.293 16.189  0.835 0.230 16.250  0.441 0.638 17.290  0.477 0.618 - - -

HexPlanepryy | 27.042  0.958  0.057 | 21.419  0.946  0.067 | 25.215 0.763  0.380 | 23.091 0.742  0.401 - - -

NSFF [59] - - - - - - 29.365 0.829 0278 | 24.163 0.795  0.289 - - -
TiNeuVox [26] | 27.988  0.960  0.063 | 19.612 0.940  0.073 | 29.982 0.864  0.213 | 21.029 0.770  0.281 | 20.407 0.888  0.102
NVFi (B3] | 29.027 0970  0.039 | 27.594 0.972  0.036 | 30.675 0.877  0.211 | 29.745 0.876  0.204 | 18.173 0.867  0.119
DefGS [137] | 37.865 0.994 0.007 19.849  0.949 0.045 29.926  0.916 0.130 21.380  0.819 0.188 19.205  0.900 0.083
DefGS,,; | 37.316  0.994  0.008 | 28.749 0.984 0.013 | 30.170 0915 0.133 | 31.096 0.945 0.077 | 22730 0.931  0.050

FreeGave (Ours) | 39.393 0.995 0.005 |31.987 0.990 0.007 |32.287 0.930 0.092 |35.019 0.966 0.051 |26.657 0.956 0.030

Table 4.2: Quantitative results for both novel view interpolation and future frame

extrapolation on FreeGave-GoPro Dataset.

FreeGave-GoPro Dataset

Interpolation Extrapolation
PSNR?t SSIMt LPIPS| | PSNRf SSIM{ LPIPS|
TiNeuVox [26] | 19.026  0.740 0.319 | 20.600 0.760 0.292

NVFi [53] | 18.947  0.739 0.322 | 22.747  0.756 0.393
DefGS [137] | 28.408 0.920 0.091 | 21.344 0.858 0.170
DefGS,.f; | 28.217  0.920  0.092 | 26.431  0.903 0.124

FreeGave (Ours) | 28.451 0.920 0.091 | 28.094 0.914 0.112

We hypothesize that the effective incorporation of physics priors allows our method to
fully utilize all Gaussian kernels for representing 3D geometry and appearance. As
shown in Figure [4.5] [4.7) [4.8] [4.9} [£.10] our method makes promising predictions:
1) in dynamic multi-object scenes, such as the pen-through-tape scene, where only
our method succeeds while others all fail; 2) in scenes with complex motions, such
as the harmonic oscillations in pendulums and spring scenes, where only our method

captures the right periodic pattern with the shape being kept while others all fail.
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Though not primarily collected for physics learning, we also evaluate our model on

two simple scenes from NVIDIA Dynamic Scene Dataset [139] selected by NVFi [53].

The quantitative results are shown in Table {4.3]

Table 4.3: Results on NVIDIA Dynamic Scene Dataset.

Interpolation Extrapolation
PSNRt SSIMtT LPIPS| | PSNRt SSIMt LPIPS|
TiNeuVox 28.304 0.868  0.216 | 24.556 0.863  0.215
NVFi 27138 0.844  0.231 | 28462 0.876  0.214
DefGS 26.662 0.893  0.127 | 24.240 0.895 0.140
DefGS,y i 26.972 0.890  0.128 | 27.529 0.927  0.102
FreeGave (Ours) | 27.345 0.896 0.097 | 29.005 0.933 0.072

Analysis of Computational Costs: We calculate the average time and memory

consumption in training, the average speed and memory consumption in test, and

model sizes for most baselines in Table [£.4, We can see that: 1) our method has

a clear advantage over the strong baseline DefGS,,,; in terms of time and memory

cost in training, thanks to our new and more efficient divergence-free velocity module

over the PINN loss; 2) our method is generally better or on par with other baselines

(TiNeuVox / NVFi / DefGS) in computation cost of training and test, but our method
demonstrates significantly better extrapolation results (as shown in Tables [4.1§&4.2]).

Table 4.4: The average time (hours) and GPU memory (GB) cost for training, the

inference speed (fps), GPU memory (GB), and model size (MB) for test on all three

datasets.
Dynamic Object Dataset Dynamic Indoor Scene Dataset FreeGave-GoPro Dataset
Training Test Training Test Training Test
Time|l Mem| | fpst Mem| Size| | Timel Mem/| | fpst Mem| Size| | Time| Mem]| | fpst Mem] Size)
TiNeuVox 0.5 8.0 0.40 2.3 498 | 0.6 8.2 0.51 3.7 499 | 0.6 94 016 47 49.6
NVFi 2.2 22.6 | 0.11 16.5 114.7| 2.3 215 | 0.34 168 107.9| 23 23.3 | 0.03 231 1214
DefGS 0.8 6.4 | 1940 5.0 53.1 0.8 59 | 21.9 4.0 98.1 1.3 84 |3.22 34 885
DefGS,u i 2.1 22.7 | 13.59 5.2 54.5 6.0 26.4 |10.98 41 101.2| 8.0 326 | 290 58 92.1
FreeGave (Ours) | 0.8 5.7 |19.70 4.0 27.0 1.5 104 |13.60 3.1 558 1.9 16.1 | 3.03 81 115.7
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Figure 4.5: Qualitative results for future frame extrapolation on ParticleNeRF Dataset.
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Figure 4.6: Qualitative results for future frame extrapolation on ParticleNeRF Dataset.
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Figure 4.7: Qualitative results of our method and baselines for future frame extrapo-

lation and unsupervised motion segmentation.
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Interpolation Extrapolation
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TiNeuVox
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Figure 4.8: Qualitative results of our method and baselines for future frame extrapo-

lation on FreeGave-GoPro Dataset.
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Interpolation Extrapolation

NVFi TiNeuVox

DefGS

Figure 4.9: Qualitative results of our method and baselines for future frame extrapo-

lation on FreeGave-GoPro Dataset.
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Figure 4.10: Qualitative results of our method and baselines for future frame extrapo-

lation on FreeGave-GoPro Dataset.
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Dynamic Indoor Scene Dataset

FreeGave-GoPro Dataset

Figure 4.11: Qualitative results of decomposed motion patterns (colored objects) and

their corresponding velocity fields (colored trajectories).

4.3.2 Analysis of Physics Code and Motion Patterns

Our divergence-free Gaussian velocity module is designed to learn the velocity field for
each Gaussian particle. With our design of bottleneck vector decomposition, our model
can naturally group Gaussian kernels according to the learned motion patterns. To

validate this nice property of bottleneck vector, we conduct the following experiments.

For each Gaussian, we query its learned bottleneck vectors h = f,..x(2), and query
its learned velocity by uniformly sampling 10 timestamps to form a velocity trajectory
{vo,...,v10}. Then, we apply K-means [72] to group the learned bottleneck vectors
h into C' groups. We color the velocity trajectory based on the velocity direction.
As shown in Figure [f.11] we can see that Gaussian kernels in the same group share
the same velocity trajectory, while Gaussian kernels in different groups have totally

different motion trajectories.

We further quantitatively evaluate the objectness after grouping our learned physics
codes on Dynamic Indoor Scene dataset. In particular, we follow [I38] to render the
group masks as 2D object segmentation masks for all 30 views over 60 timestamps on

all 4 scenes, i.e., 7200 images in total. We compare our performance with D-NeRF,

NVFi, DefGS and DefGS,,,r;. We follow NVFi as shown in Section to get
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Table 4.5: Quantitative results of scene decomposition on the Synthetic Indoor Scene

Dataset.

APt PQT F11 Pret  Rect mloU?T

Mask2Former [I8]  65.37 73.14 7829 94.83 68.88  64.42
D-NeRF [86] 57.26 46.15 59.02 56.55 62.94  46.58
NVFi [53] 9121 78.74 93.75 93.76 93.74  67.64

DefGS [137] 51.73 57.60 6643 6321 70.07  54.46
DefGS,, ;i 5526 6275 69.83  69.39 7291  56.82
FreeGave (Ours) 99.75 96.27 99.99 99.99 99.93 80.52

the segmentation details of D-NeRF and NVFi. In addition, we include a powerful
image-based object segmentation method, Mask2Former [I8| pre-trained on COCO

[62] dataset, as a fully-supervised baseline.

For the 3DGS based baselines, we also adopt OGC [102} 103] to segment Gaussians
based on scene flows calculated from their learned deformation fields. Given a well-
trained DefGS or DefGS,,, r; model with N canonical Gaussian kernels, we first assign
learnable per-Gaussian object codes O € (0, 1)NXK to all Gaussian kernels, where K
is the maximum number of objects that is expected to appear in the scene. After
that, we query the position displacements for Gaussians kernels from the well-trained
deformation field at time 0 and ¢ respectively, thus obtaining the Gaussians P, at
time 0 and P, at time t. Then the per-Gaussian scene flows M, from time 0 to t is
calculated as M = P, — P,. Lastly, two losses proposed in OGC [102] are computed
on the learnable object codes. The details of the two losses are in Section [3.3.2]

As shown in Table and Figure and [4.12] we can see that our method achieves
nearly perfect object segmentation results on all metrics, clearly outperforming all
baselines. This shows that our learned physics codes truly represent object physical
motion patterns which can be easily used to identify individual objects accordingly

without needing any human labels to train a separate segmentation network.
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Figure 4.12: Qualitative results for unsupervised motion segmentation on “Chessboard"
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of Dynamic Indoor Scene Dataset.
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4.3.3 Ablation Study

Our framework comprises 3DGS as the scene representation backbone and the neural
divergence-free Gaussian velocity module with a deformation-aided optimization
module. We conduct the following groups of ablation experiments to validate the
choices of our method. All ablation experiments are conducted on the Dynamic

Objects dataset.

(1) Replacing f.q4 by a learnable code z in Eq Instead of feeding the
position of each canonical Gaussian to f,..q to learn its physics code z, we assign a

learnable z € R¥ for each Gaussian respectively.

(2) Removing divergence-free parametrization: Instead of decomposing the
velocity field by divergence-free parametrization in Eqs 4.4)/4.5 we directly define
the velocity field as v(p,t) = freek(2) * finotion(Pe; t), Where frotion : R +— RE is an

MLP-based network. Notably, now f,,oiion is based on py, so it is not divergence-free.

(3) Removing bottleneck vector decomposition for velocity components in
Eq [4.6} Instead of decomposing velocity components network V, by bottleneck vector
in Eq [4.6] we directly define V, as a single MLP: V, = MLP(z,t).

(4) Different choices of motion patterns K: We compare 3 choices for the number

of motion patterns in fyeck / fuweignt: {8, 16,32}, while K=16 in our main experiments.

(5) Removing the auxiliary deformation field fyform: To validate the necessity
of our deformation-aided optimization scheme, we additionally train our velocity field
without the deformation field. Particularly, we use Algorithm [2] to directly transport
canonical Gaussians from ¢ = 0 to target time ¢. Since this requires autoregressive
integration of all Gaussians by several steps, the memory cost accumulates rapidly, so

we choose At = % to control the memory cost same as our main setting.

(6) Removing the physics code from deformation field fu.fomm: Instead of

feeding the physics code into the deformation field, we compare with the deformation
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Table 4.6: Complete ablation study results on both Dynamic Object Dataset and

Dynamic Indoor Scene Dataset

Dynamic Object Dataset
Interpolation Extrapolation
Code 2 facform v(ps, t) K | PSNRt SSIMt LPIPS| | PSNRt SSIMtT LPIPS)
(1) learnable  full full 16 | 38.722 0.995  0.005 | 25.961 0.975  0.025
(2) field full w/o B(p;) 16| 39.126  0.995  0.005 | 29.400 0.986 0.010
(3) field full w/o decomp 16 | 39.111  0.995 0.005 29.432  0.985 0.009
(4) field full full 8 139.324 0.996 0.004 | 30.972 0.989  0.009
(4) field full full 32| 39.318 0.996 0.004 | 31.438 0.990 0.007
(5) field X full 16 | 20.974  0.945 0.068 | 17.927  0.922 0.088
(6) field w/o z full 16 | 39.151  0.995 0.005 31.217  0.988 0.009
(7) field w/o ds full 16 | 39.191  0.995 0.005 | 31.704 0.990 0.007
FreeGave field full full 16 | 39.393 0.995  0.005 | 31.987 0.990 0.007
Dynamic Indoor Scene Dataset
Interpolation Extrapolation
Code 2z faeform v(py, t) K | PSNRt SSIMt LPIPS| | PSNRt SSIMt LPIPS)
(1) learnable  full full 16 | 32.343 0.930 0.091 | 30.444 0.933 0.087
(2) field full w/o B(p) 16 | 31.471  0.921 0.108 | 32.316 0.944 0.077
3) field full  w/o decomp 16 | 31.707  0.921 0.106 | 31.204 0.943 0.071
(4) field full full 8 | 32.005 0.929  0.093 | 34.159  0.962 0.053
(4) field full full 16 | 31.996  0.929 0.092 | 34.716 0.965 0.051
(5) field X full 16 - - - - - -
(6) field w/o z full 16 | 31.603  0.921 0.107 | 33.408  0.955 0.067
(7) field w/o ds full 16 | 32.094 0.929  0.092 | 34.504 0.964  0.052
FreeGave field full full 32 | 32.287 0.930 0.092 | 35.019 0.966 0.051

field same as DefGS [137], i.e, (dp, d7,68) = faeform(Po,t)-

(7) Removing the scaling deformation from deformation field: We remove the
scaling deformation from the output of fgeform, forcing the motion of each Gaussian
to be volume-preserving all time, i.e., (0P, 07) = faeform (Do, t, 2). Gaussian scales are

not updated all time.

Results & Analysis: From Table , we can see that: 1) Removing deformation
field is the most influential to the performance. Since autoregressive integration is
needed in this case, in order to fit the memory cost, we have to use a large integration

time interval, as large as half of the target time. This incurs instability and noise
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in training, making the network totally unable to converge. The noise also leads to
large gradients for all Gaussian kernels, resulting in unreasonable densification and
ultimately making the network totally collapse on Dynamic Indoor Scene Dataset.
2) Replacing the physics code network by assigning a learnable physics code to each
Gaussian kernel shows the next greatest impact on performance, demonstrating that
the local continuity property of an MLP is helpful for network converging. 3) Either
removing divergence-free parametrization or removing motion pattern decomposition
diminishes the performance, due to the drastically increase in the degree of freedom
and complexity of velocity field. 4) Feeding physics codes as input to the deformation
field can enhance the performance. 5) Too few motion patterns decomposition hurts

the performance, while over-parametrization is not sensitive.

4.4 Conclusion

Our method extends 3D Gaussian splatting to simultaneously learn 3D scene geometry,
appearance, and the critical physics information just from multi-view videos, without
needing any object priors. By introducing a physics code and a divergence-free velocity
field for each Gaussian kernel, our method can effectively learn precise physical motion
patterns without needing the inefficient PINN losses. Extensive experiments on three
public datasets and our newly captured challenging real-world dataset demonstrate
extraordinary performance of our method for future frame prediction and object
motion decomposition. It would be interesting to apply our method in 4D generation

where 3D physics learning is crucial to generate plausible motions.
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Chapter 5

Translation-Rotation Dynamics

System for Physics Learning

5.1 Introduction

Regarding our daily dynamic 3D scenes such as falling balls, rotating fans, and folding
chairs, precisely modeling their geometry, appearance, and physical properties, and
further enabling controllable prediction of their future states are crucial for emerging
applications in robotics, mixed reality, and embodied AI. With the advancement of
recent 3D representations such as NeRF [76] and 3DGS [49], a plethora of works
[86, 137, 125] have been proposed to model various dynamic 3D scenes, achieving
excellent performance in interpolating novel views within the observed time. However,
they often fail to extrapolate future frames, essentially because they do not learn the

underlying physics priors of 3D scenes.

To learn physics priors, existing methods mainly consist of two categories: 1) physics-
informed neural network (PINN) based methods [91] which integrate the governing
partial differential equations (PDEs) into loss functions to drive neural networks

to learn physically plausible dynamic 3D scenes such as floating smoke [90] and
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Ground Truth Extrapolation att = 1.0 Deform-3DGS Extrapolation at ¢t = 1.0
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Figure 5.1: Given video frames of a real-world dynamic scene, our TRACE can learn

the underlying physics and accurately predict the future motion.

simple moving objects [57]. While demonstrating promising results in modeling 3D
geometry and physics such as velocity and viscosity, these methods usually need
boundary constraints such as accurate object /foreground masks which may not always
be available in practice. In addition, adding PINN losses is not a free lunch, but
significantly sacrifices the efficiency in training and accuracy at boundary regions. 2)
Simulation based methods [42, 151} 124] which encode various physics systems into
neural networks to model elastic objects, fluids, etc.. Thanks to explicit physics priors,
these methods obtain impressive results in physical properties learning but are often

limited to specific object types, lacking generality for complex dynamic scenes.

More recent works like NVFi [53] in Chapter [3| and FreeGave [55] in Chapter [4] have
made progress in physics-aware modeling, but they still rely on implicit neural fitting
for motion and acceleration patterns, requiring complex neural ODE integration for
future inference and failing to enable direct control over physical parameters, such as

acceleration (2" order) or jerk (3¢ order).
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In this chapter, we aim to introduce a new framework to model dynamic 3D scenes
just from multi-view RGB videos, without needing any additional human labels such
as object types or masks, ultimately being able to explicitly recover core physical
parameters such as accelerations to enable more controllable and efficient future frame
prediction. Among various physical properties of a dynamic 3D scene, we focus on
learning not just velocity, as NVFi and FreeGave, but the underlying dynamics that
generate velocity, as these directly govern the predictability and controllability of the
motion. However, to accurately learn such dynmaics from RGB videos is extremely
challenging, essentially due to the lack of sufficient physics constraints from raw color
pixels. This problem is even harder when multiple objects or parts are undergoing
rather different motion patterns. For example, regarding two adjacent objects moving
in opposite directions in 3D space, the velocity of neighboring 3D surface points
at the intersection region tends to have particularly distinct patterns. This means
that the latent representation of per-point dynamics in 3D space could be discrete in
nature. This discreteness in per-point dynamics suggests that modeling independent
particle-level physics is more effective, where each 3D point can be regarded as a rigid
particle with its own size, orientation, and unique motion parameters. If its size is

zero, the rigid particle degenerates to a point.

With this insight, for each rigid particle in space, we propose to learn an independent
dynamics system that includes a complete set of physical parameters to govern its
motion over time. According to the laws of classical mechanics, for a specific rigid
particle traversing 3D space over time, its motion can always be regarded as a rotational
movement about a rotation center which has its own translation. In this regard, we
choose to learn a translation rotation dynamics system for each rigid particle, allowing
its future motion to be derived accordingly. Alongside learning the core dynamics,
we must also model the geometry and appearance of 3D scenes. In this chapter, we
naturally choose 3D Gaussian Splatting (3DGS) [49] as the representation, thanks to

its unprecedented fidelity in reconstruction and its particle (a Gaussian kernel) based
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Figure 5.2: The leftmost block shows the canonical 3D Gaussians module, the middle
block shows the deformation field, and the rightmost block shows our translation

rotation dynamics system module.

representation in nature, which shares the basic concept of our defined rigid particle.

Our framework consists of two major components: 1) a 3D scene representation
module to learn dynamic scene geometry and appearance at a canonical timestamp,
which is implemented by a vanilla 3DGS [49], though other variants can be adopted
as well; 2) a translation rotation dynamics system module to learn a full set of
physical parameters for each input rigid particle, which is just realized by multilayer
perceptrons (MLPs). Based on these parameters, velocity and higher-order parameters
are derived directly via mechanical laws, eliminating the need for additional physics

priors such as PINN [91] in training and neural ODE integration in inference.

The key to our framework is the second module which simply regards each 3D Gaussian
kernel as a rigid particle and takes it as input into MLPs. Nevertheless, we empirically
find that it is hard to optimize this module due to the inaccuracy and instability of
Gaussian kernels regressed at early training epochs. To tackle this issue, we simply
train an auxiliary deformation field in parallel with our second module using an

existing work such as [I37] and [125]. Our pipeline is illustrated in Figure [5.2]

Different from current works for modeling dynamic scenes, including NeRF-based
methods, e.g., D-NeRF[86]/ TiNeuVox|[26]/ HexPlane[10], and 3DGS-based methods
such as DefGS [137] and 4DGS [125], our core novelty is the introduced translation

rotation dynamics system with an effective optimization strategy, allowing us to
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truly learn physical parameters, ultimately achieving future frame extrapolation. By

comparison, all those existing methods fail to do so, as verified in Tables [5.1

By leveraging 3D Gaussians to model scene geometry and appearance, our method,
named TRACE, learns translation rotation dynamics systems for estimating accurate

physical dynamics. Figure [5.1] shows our qualitative results. Our contributions are:

e We introduce a new framework to model motion physics of complex dynamic 3D

scenes, without needing prior knowledge of object shapes, types, or masks.

e We propose to learn a translation rotation dynamics system for each 3D rigid particle,
thus allowing direct derivation of velocity and acceleration via mechanical laws

rather than implicit neural fitting from additional physics constraints in training.

e We demonstrate superior results in future frame extrapolation on three existing

datasets, and one newly collected synthetic dataset with challenging dynamics.

5.2 TRACE

Our framework mainly comprises two modules with an auxiliary deformation field to
model 3D geometry, appearance, and physics. Given dynamic multi-view RGB videos
with known camera poses and intrinsics, the 3D scene representation module aims to
learn a set of 3D Gaussians to model the geometry and appearance in a canonical space.
The auxiliary deformation field is designed to predict the translation and distortion of
each Gaussian given the current training time ¢. For these two components, we simply
follow existing works [49, [137] which are briefly elaborated in Section [p.2.1 Notably,
the deformation field alone cannot extrapolate frames beyond the training time due
to the lack of physics. Our core module of the translation rotation dynamics system
aims to learn a set of physical parameters for each 3D rigid particle, governing its

motion dynamics evolution over time, which is detailed in Section [5.2.2]
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5.2.1 Preliminary

For the input multi-view RGB videos, T represents the greatest timestamp in training
and N the total number of cameras. For training stability, we first use all frames
{I}---Ip--- IV} at time t = 0 to train a reasonable static 3DGS model as an
initialization of the 3D scene geometry and appearance, and then use the remaining
frames to jointly optimize our translation and rotation dynamics system and the

auxiliary deformation field.

Canonical 3D Gaussians: Following the vanilla 3DGS [49], we employ a set of
learnable 3D Gaussian kernels G to represent the canonical scene geometry and
appearance at t = 0. Each kernel is parameterized by a 3D position x, covariance
matrix obtained from quaternion g, scaling sg, opacity o, and color ¢ computed from
spherical harmonics. Following prior works [I37, 125], we assume the opacity o and
color ¢ of each Gaussian will not be updated, but constantly associated with the kernel

and transported over time.

Given the N images at timestamp t = 0, we either initialize all canonical 3D Gaussian
kernels G randomly or based on sparse points created by SfM [96]. To train all
kernels, we exactly follow 3DGS [49] by 1) projecting Gaussian kernels into camera
space, 2) rendering the projected kernels into image space, and 3) optimizing all kernel
parameters via ¢ and g, losses used in 3DGS as follows.

project-+render

i~ - (@0, 70, 80, 0,¢) - -} =——= {I;--I}'} (5.1)

4 4 +‘€ssim

TV
Go

Auxiliary Deformation Field: To aid the learning of our translation and rotation
dynamics system, we leverage an existing deformation field [137], but we are also
amenable to other deformable Gaussian methods such as 4DGS [125], as demonstrated
in our experiments in Section [5.3.1} In particular, the 3D position & of each canonical
Gaussian kernel and the current timestamp ¢ are fed into an MLP-based deformation

network, denoted as fge o, directly predicting the corresponding position displacement
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Figure 5.3: The proposed translation rotation dynamics system for a specific rigid
particle. The rigid particle will be driven by its learned physical parameters over time,

forming a trajectory in 3D space.

0x, and the change of quaternion dr and scaling ds from timestamp 0 to ¢t. All
Gaussians G; at time t can be easily computed as follows, where the operation o

follows [137], which represents the quaternion multiplication.

T, =xg+0x, T =T900T, S = S9-08, 0, C (5.2)

All these deformed Gaussians will be projected and optimized by visual images at
timestamp ¢ in a later stage, as clarified in Section [5.2.3] where the deformation net

faefo Will be optimized from scratch.

5.2.2 Translation Rotation Dynamics System

This module aims to learn physical parameters that govern the motion of 3D scenes.
However, the dynamics of an entire space are extremely complex. Here, we simplify
this problem and formulate it into just learning per rigid particle dynamics, where we
treat each (canonical or deformed) Gaussian kernel as a rigid particle with size and
orientation. According to the laws of classical mechanics, for a specific rigid particle
P € R3, its motion in a 3D world coordinate system can be regarded as a rotational
movement about a rotation center which has its own translation. To this end, we aim

to learn the following two groups of physical parameters for each 3D rigid particle P:

e Group #1 - Rotation Center Parameters including: 1) the center’s position P, € R?,
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2) the center’s velocity v. € R?, and 3) acceleration a, € R? in world coordinate.

e Group #2 - Rigid Particle Rotational Parameters including: 1) the rigid particle’s
rotation vector w, € R? with regard to its center P,, and 2) the rigid particle’s

angular acceleration €, € R3.

As illustrated in Figure[5.3] our translation rotation dynamics system module, denoted
as firq, takes a rigid particle P and a time ¢ as input, directly predicting the physical
parameters of its rotation center and its own rotational information. Then, this rigid
particle will be driven by its learned physical parameters, forming its motion dynamics,
as illustrated by the trajectory in Figure [5.3] The composite velocity for the rigid

particle P at time t is derived as follows.

t __ t t t__ t t t t
v, =w, X (P - P;)+v,=w, x P+ (v, —w, x P,) (5.3)

Nevertheless, the rightmost block of above equation shows that the estimation of
the center’s velocity v and center’s position P! is compounded. Thus, instead of

separately learning these two parameters, we turn to learn an equivalent (compounded)

center velocity ©%. Similarly, we instead learn an equivalent center acceleration al:

~t

__ a4t t t ~t __ i t t
v, =v, —w, X P, a,=a,—¢€,x P, (5.4)

Proof of Parameters Equivalence: By definition, the 1¥-order equivalence is

naturally obeyed by the definition. To be specific, it can be shown as:

9t — wt St ot
v, =w, X P+v,=v,

)
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Now let’s prove the 2%‘-order equivalence:

+dté ><P—|—'v +dta

= (w, 9
= (w, +dt€,) x P+ v, —w, x P! +dt (a, — €, x P,)
= (w, p) X
= (w, »)

+ dt € — (wy, +dte,) x P! + v, +dta;
+dte) x (P — P!+ (vl +dtal)
_,U;ert

This f;.q module is defined as follows, which is implemented by a simple 8 x 256 MLPs
with 8 layers in total and 256 hidden sizes for each layer. In addition, an 8-degree
positional embedding is applied onto the input 3D position @, and ReLU is chosen as

the activation function.
{(1_727 a’i)a (wza E;)} = ftrd(Pa t) (55)

Notably, for an input rigid particle P, the elegance of this module f;.4 is that it only
needs to learn this full translation rotation dynamics system at one specific time ¢,
and that particle’s future motion will be governed by the learned dynamics system

according to the laws of mechanics.

Due to the complex change of direction of rotation vector w, driven by the angular
acceleration €, for a particle, we use Runge-Kutta 2"¥-order method to numerically

calculate the dynamics to derive the future parameters, as detailed in Algorithm [3]

Instead of using 2"%-order updating scheme, we can also extend to higher orders
or reduce to lower orders with regard to future time. Intuitively, a higher order
relationship is expected to capture extremely complex dynamics such as a rolling ball
suddenly breaking up into pieces due to unknown explosives inside, whereas a much
lower order relationship tends to only capture static or constant speed scenes, thus
being oversimplified. In this chapter, we opt for the above 2"-order scheme to update

dynamics parameters for two primary reasons:
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e In many applications such as robot manipulation, the need for future prediction
usually involves a relatively short interval, e.g., in milliseconds. In this case, a
2"_order update is usually sufficient to achieve decent approximations. Additionally,
a simple sliding window based approach can be applied to continuously predict

future frames given the newest visual observations from sensors.

e In our daily life, the majority of common physical movements such as rolling balls
or moving cars can be generally described by a 2"-order relationship. In fact, both
Newton’s First and Second Law of Motion can be captured. Notably, since the
whole 3D scene comprises a large number of rigid particles, each has up to 2"%-order
dynamics. Therefore, the compounded dynamics for the entire 3D scene can be

rather complex, including various deformations and translations in our daily lives.

Nevertheless, it is still interesting yet non-trivial to learn much higher-order relation-

ships, and we leave it for future exploration.

5.2.3 Training

With our translation rotation dynamics module and the auxiliary deformation field,
we now discuss how to train them together, such that physical parameters can be

truly learned.

First, for two timestamps ¢’ and ¢, where ¢ is usually sampled from the training set
and At =t —t' is predefined to be small enough, we can easily obtain Gaussians G

from the deformation field fy.f, based on Equation

Second, having our translation rotation dynamics module f;.4 at hand, we naturally
regard the transportation of all kernels from t' to t is governed by the corresponding
physical parameters estimated by f;.q at time ¢ as defined in Equation [5.5] Then
we use the Runge-Kutta 2"%-order (RK2) method to numerically derive the future

physical parameters. Thus we can easily compute the kernel’s orientation r; from 7y
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Algorithm 3 Runge-Kutta 2"%-order (RK2) method
Input: (1) Gaussians at t': {-- (@y,ry,sp,0,¢) - -}, and (2) At

Output: Gaussians at ¢t = (¢’ + At): { (x4, 14, 84,0,C) - }
o {(o!,al), (wp/7 p)}  Jora(zy, t'), (vef to Eq

!
.’UmZd(—’U +Att

° wmld — ’w 4 At At t

o x; — xy + AL(T + w) X xy)

e Convert quaternion to rotation matrix: Ry < 7y

e Calculate the Cross-Product Matrix, denoted by W,, € R**3, for the normalized
vector w" /||w?||. Details are provided below.

¢ AR « I+ (sin A)W, + (1 — cos AG)W?, where A8 = Atw,", following
Rodrigue’s Formula [95]

e R, + (AR)Ry

e Convert rotation matrix to quaternion: r; < Ry

e Assign sy to s;: s; < sy, as each Gaussian is rigid with the same scale by

definition

Return: All Gaussians at t: { (x4, 14, 84,0,C) - }

and the kernel’s position translation a; from x;. The kernel’s translation consists of
two parts: 1) the equivalent translation of its rotation center, and 2) the equivalent
displacement caused by the kernel’s rotation with regard to its center. In particular,

the RK2 method is defined as:

Third, we render all the above Gaussians kernels at time ¢ to 2D image space following

3DGS, comparing with the training images at time ¢. All parameters are trained with:

(GO; fdefm ftrd) — (gl + Zssim) (56)

Cross-Product Matrix: Here we first introduce the definition of Cross-Product
Matrix. Given two vectors k = [ky, k, k3]T € R3 and v = [v1, v, v3] € R3, one can

calculate the cross product of these two vectors k x v. Now we define the Cross-Product
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Matrix of vector k as K € R3*3, such that

Kv=kxwv (5.7)
—ksvg + kovs 0 —ks ke

= | ksvy —kyvs | = | ks 0 k|w. (5.8)
—kovy + kyvo —ky k0

Thereby we can get the closed-form for the Cross-Product Matrix of vector k =

[klu k?a k3]T as

0  —ks ko
—ky ki O

Now we want to derive the cross-product matrix for vector w)"/|lw}"||. We just

need to plug the vector components into the above Equation [5.9]

5.3 Experiments

Datasets: Our method is designed to learn meaningful physical information of
3D dynamic scenes, aiming at accurately predicting future motions, instead of just
fitting observed video frames. In this regard, the closest work to us is the recent
NVFi [53]. Following NVFi, we primarily evaluate our method on its three dynamic
datasets: 1) Dynamic Object dataset consisting of 6 dynamic objects. Each object
displays a unique motion pattern belonging to either rigid or deformable movement.
2) Dynamic Indoor Scene dataset with 4 complex indoor scenes. Each scene has
multiple objects undergoing different rigid body motions. 3) NVIDIA Dynamic

Scene dataset [139]. It consists of two chosen real-world dynamic 3D scenes.

Upon a closer look at the above three datasets, we find that their dynamics captured
are relatively simple. In our daily life, the majority of objects and scenes have multiple

parts undergoing radically different motions over time, showing challenging physical
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patterns to learn. To further evaluate the effectiveness of our design, we collect a new

synthetic dataset, named 4) Dynamic Multipart dataset.

Our new synthetic dataset comprises 4 objects. Each has 2 to 5 distinct motion
patterns on different object parts. Following [53], for each object, we collect RGBs
at 15 different viewing angles, where each viewing angle has 60 frames captured. We
reserve the first 46 frames at randomly picked 12 viewing angles as the training split,
i.e., 552 frames, while leaving the 46 frames at the remaining 3 viewing angles for
testing interpolation ability, i.e., 138 frames for novel view synthesis within the training
time period, and keeping the last 14 frames at all 15 viewing angles for evaluating

future frame extrapolation, i.e., 210 frames. Details of the 4 dynamic objects are:

e Foldingchair: A folingchair is given. This chair is composed of three parts. The
whole motion is unfolding this chair, so all three parts are undergoing different

rotating motions.

e Hypoerbolic Slot: This is an extremely hard case, where a stick is rotating
through a hypoerbolic slot. Note that, only the stick in this hyperbolic shape is

dynamic, this introduces more challenges in motion extrapolation.

e Satellite: This object is a satellite with two wing doors opening and one main

door opening, all rotating in different directions.

e Stove: A home stove is given. The motion is mainly closing its top cover plate.

Baselines: We select the following baselines: 1) N'VFi [53]: This is the closest work
to us, but differs from us in two folds. First, NVFi relies on PINN losses to learn
physics priors, but we directly learn physical parameters. Second, NVFi adopts NeRF
as a backbone, being short in 3D scene geometry and appearance modeling, but our
method is amenable to and adopts the powerful 3DGS in nature. 2) T-NeRF [86].
3) D-NeRF [86]. 4) TiNeuVox [26]. The latter four methods are based on NeRF

and designed for novel view interpolation. Therefore they are expected to be rather
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weak for future frame extrapolation. For a fair and extensive comparison, we also
include the following two baselines. 5) DefGS [137], and 6) 4DGS [125]. Both very
recent deformable 3D Gaussians methods are particularly strong to model dynamic 3D
scenes for novel view synthesis using 3DGS as a backbone. 7) DefGS,,, ;. We build
this baseline by combining DefGS with the velocity field proposed by NVFi. This
baseline has the powerful 3DGS as a backbone as well as the current state-of-the-art
NVFi learning strategy. It is trained with exactly the same settings as our method.

To demonstrate the flexibility of our framework, we also adopt 4DGS as our auxiliary

deformation field, denoted as TRACEqy,.

Metrics: We report PSNR/ SSIM/ LPIPS scores for RGB synthesis in both novel

view interoplation and future frame extrapolation.

5.3.1 Main Results of Future Frame Extrapolation

All methods are trained in a scene-specific fashion. As a common practice, the actual
time length in all datasets is normalized to be one time unit, where the first (0 ~ 0.7)
time unit is training time and the remaining is test time. In training and test, we set
At to be 2 divided by the training set frame rate. To extrapolate future frames, the
time ¢’ for our auxiliary deformation field fg, is set as 0.7. The future frames are

progressively calculated by Algorithm 3] with the same time interval At.

Our primary goal is to extrapolate meaningful future frames as a continuum of the
last training observations. In our evaluation, we follow the second step in Section [5.2.3]
to extrapolate future frames from the last observed timestamp of training frames. We

also compare novel view (past) interpolation with baselines, but this is less important.

Results & Analysis: Table [5.1] and Table compare novel view interpolation
and future frame extrapolation of all methods on four datasets. Figure [5.4] shows
qualitative results on four datasets. We also provide qualitative results of extrapolation

for longer time in Figure [5.6, We can see that:
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Table 5.1: Quantitative results of all methods for both future frame extrapolation and

novel view interpolation on Dynamic Object and Dynamic Indoor Scene Dataset.

Dynamic Object Dataset Dynamic Indoor Scene Dataset

Interpolation Extrapolation Interpolation Extrapolation
PSNRt SSIM?tT LPIPS] | PSNRT SSIMf LPIPS| | PSNRtT SSIMt LPIPS| | PSNRt SSIMt LPIPS)
T-NeRF[86] | 13.163  0.709 0.353 13.818  0.739 0.324 | 24.944 0.742 0.336 | 22.242  0.700 0.363
D-NeRF[86] | 14.158  0.697 0.352 | 14.660 0.737  0.312 | 25.380 0.766 0.300 | 20.791  0.692 0.349
TiNeuVox[26] | 27.988  0.960 0.063 | 19.612  0.940 0.073 | 29.982  0.864 0.213 | 21.029  0.770 0.281
T-NeRFp;vy | 15.286  0.794 0.293 16.189  0.835 0.230 | 16.250  0.441 0.638 | 17.290 0477  0.618
HexPlanep;vy | 27.042  0.958 0.057 | 21.419  0.946 0.067 | 25.215 0.763 0.389 | 23.091 0.742 0.401
NSFF[59)] - - - - - - 29.365  0.829 0.278 | 24.163  0.795 0.289
NVFi[53] | 29.027  0.970 0.039 | 27.594  0.972 0.036 | 30.675 0.877  0.211 29.745  0.876 0.204
DefGS[137] | 37.865 0.994  0.007 | 19.849  0.949 0.045 | 29.926 0.916  0.130 | 21.380 0.819 0.188
DefGSp,pi | 37.316 0.994  0.008 | 28.749 0.984  0.013 | 30.170  0.915 0.133 | 31.096 0.945  0.077

4DGS[125] | 37.285  0.986 0.020 | 20.354  0.950 0.052 | 29.381  0.889 0.212 | 21.107  0.793 0.274

FreeGave | 39.393  0.995 0.005 31.987  0.990 0.007 | 32.287  0.930 0.092 35.019  0.966 0.054
TRACE,q, (Ours) | 35.676  0.985 0.021 30.327  0.983 0.019 28.804  0.862 0.242 30.607  0.896 0.209
TRACE (Ours) | 39.305 0.995 0.006 |31.597 0.987 0.009 | 32.088 0.929 0.093 | 34.824 0.965 0.054

Table 5.2: Quantitative results of all methods for both future frame extrapolation and

novel view interpolation on NVIDIA Dynamic Scene and Dynamic Multipart Dataset

NVIDIA Dynamic Scene Dataset Dynamic Multipart Dataset

Interpolation Extrapolation Interpolation Extrapolation ‘
PSNRt SSIM?tT LPIPS] | PSNRT SSIMft LPIPS| | PSNRt SSIMt LPIPS| | PSNRt SSIMt LPIPS)
T-NeRF[86] | 23.078  0.684 0.355 | 21.120 0.707  0.358 9.833  0.567  0.550 | 10.064  0.576 0.537
D-NeRF[8G] | 22.827 0.711 0.309 | 20.633 0.709 0.327 | 13.279  0.747 0378 | 13.344  0.767 0.340
TiNeuVox[26] | 28.304  0.868 0.216 | 24.556  0.863 0.215 | 29.957  0.966 0.067 | 20.804  0.923 0.090
T-NeRFpyyn | 18.443  0.597 0.439 | 17.975  0.605 0.428 - - - - - -
HexPlanep;vy | 24.971  0.818 0.281 | 24473 0.818 0.279 - - - - - -
NVFi[53] | 27.138  0.844 0.231 | 28.462 0.876 0.214 | 27.516  0.960 0.052 | 25.235  0.955 0.046
DefGS[137] | 26.662 0.893  0.127 | 24.240  0.895 0.140 | 34.635  0.990 0.019 | 20.664  0.930 0.067
DefGSpupi | 26.972  0.890 0.128 | 27.529 0927  0.102 | 34.637  0.990 0.018 | 28.455 0.979 0.017
4ADGS[125] | 19.411  0.462 0.532 | 22.510 0.703 0.408 | 37.021 0.992  0.014 | 20.564 0.935 0.067

TRACE,y (Ours) | 18.618 0.432 0.553 | 22.554  0.721 0.390 | 35.993  0.991 0.016 | 32.317  0.985 0.016
TRACE (Ours) | 26.861 0.912 0.089 |29.341 0.933 0.074 | 35.768 0.991  0.011 | 33.481 0.990 0.007

e Compared with NeRF and 3DGS based dynamic scene modeling methods such as
T-NeRF/ D-NeRF/ TiNeuVox,/ DefGS/ 4DGS, both versions of our method achieve
about 10 points higher on PSNR for future frame extrapolation. This means that,
without explicitly learning physical information like us, these methods completely

fail to predict the future, highlighting the core value of our method. Compared to
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Figure 5.4: Qualitative results of RGB view synthesis for future frame extrapolation

on four datasets.

FreeGave, TRACE achieves comparable performance but with explicit parameters.

e Compared with the closest and also strongest baselines NVFi/ DefGS,,;, our
method is still constantly better than them on all datasets for future frame extrap-
olation. Notably, on the Dynamic Indoor Scene dataset and our newly collected
Dynamic Multipart dataset, there are much more complex motion dynamics such
as different objects or parts moving in distinct directions, but our best results
are constantly about 3 points higher on PSNR than them. Fundamentally, this
is because both NVFi and DefGS,,,s; rely on PINN losses as soft constraints to
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Chapter 5. Translation-Rotation Dynamics System for Physics Learning

incorporate physics priors, whereas we directly integrate hard physics by learning

translation rotation parameters, thus being more effective in learning dynamics.

e Our framework is indeed amenable to existing deformation fields such as DefGS and
4DGS, and both versions achieve superior results for future frame extrapolation on

most datasets.

e Lastly, our method can make reasonable future predictions for longer time as shown
in Figure The motion is generally right and continuous, while some appearing
areas which are never observed such as the background in the Truck case may

introduce some artifacts.

Analysis on Performance Change along Prediction Time Span We present the
extrapolation results for per future timestamp in Figure [5.5] We can see that, though
our method is clearly better than baselines, the performance of all methods decreases
as the extrapolation goes further. To alleviate this issue, we advocate incorporating

new observations in a continual learning manner, which is detailed in Section [5.3.2]

—— DefGS ——- DefGS,fi —— TRACE
@ 40 4 T/ 40 \ 35
4 s 30 ~——o——

30 s 0 7T w0 e D ¥ I

8o S~ 5 0 S—— T 25 T 7=
0 5 10 15 0 5 10 15 0 5 10 15 0 5 10 15
Dyn Object Dyn Indoor Scene Dyn Multipart NVIDIA Dyn Scene

t=0.76 t=0.80 t=0.84 t=10.88 t=0.92 t=0.96 t=1.00

Figure 5.5: The top row shows extrapolation results over future timestamps and the

bottom shows qualitative results of our extrapolation.
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Figure 5.6: Qualitative results of RGB view synthesis for longer extrapolation from

our method.
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Figure 5.7: Extrapolation over different scene motion complexities.

Analysis on Performance against Motion Complexity For each scene, we
calculate its scene motion complexity as follows: 1) we uniformly sample 40K points
on each image of the first timestamp; 2) we use BootsTAPIR|23] to track these points
over all timestamps and static points are removed; 3) we calculate optical flows for
dynamic points between every two adjacent timestamps; 4) the optical flows are divided
by the time interval and then normalized by image size, getting normalized image
motion velocity which will be averaged out on the whole scene to obtain Scene Motion
Velocity; 5) we further calculate the difference between two adjacent normalized image
motion velocities, getting acceleration which will be averaged out on the whole scene
to obtain Scene Motion Acceleration. Figure shows the relationship where each
cross represents one scene out of our 4 datasets. We can see that we achieve similar

results over different levels of motion complexity, highlighting our generality.

5.3.2 Continual Learning

We include an additional continual learning experiment to show that our framework
can easily adapt to new observations to learn rapidly changing dynamics. We test on
ParticleNeRF dataset [I]. It has 6 dynamic objects. Each object undergoes various
rigid motions from robot manipulation to harmonic oscillation or deformable motions

such as cloth. The details for motions and time splits for each scene are as listed:

e cloth: This scene includes a piece of square cloth folded by external forces.
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e wheel: This scene includes a rolling wheel with a constant angular velocity.

e spring: This scene includes a box tied onto a spring, and undergoing a harmonic

oscillation motion.
e robot: This scene shows a robot arm rotating its poses.
e robot-task: This scene shows a robot arm putting a box onto a sliding platform.

e pendulums: This scene shows two pendulums and each of them undergoes

harmonic oscillation motion.

For the first three scenes, we define the 140-th frame as virtual time 1.0, and for the
latter three scenes we define the 70-th frame as virtual time 1.0. Particularly, we first
feed frames of (0 ~ 0.15) time unit to train the network, and evaluate future frame
extrapolation on (0.15 ~ 0.30). Next, we include (0.15 ~ 0.30) to continue training,
and then evaluate future frame extrapolation on (0.30 ~ 0.45). We keep adding a
time unit of 0.15 till training on (0 ~ 0.75), and extrapolate on (0.75 ~ 0.9).

We compare our extrapolation performance with DefGS and DefGS,,, ¢;. Table and
Table show quantitative results. It can be seen that DefGS and DefGS,,, s; struggle
in making right future predictions based on novel observations, while our model can
stably adapt to new observations and achieve excellent future frame predictions. This
means that even though the 3D scene dynamics are radically and rapidly changing
over time, our model can continue capturing those dynamics given new observations.
We believe this would be a key enabler for robot perception and manipulation in

highly dynamic environments. We show qualitative results in Figure [5.10

We also conduct experiments on the Panoptic Sports Dataset [44, 99, [43], [7T]. It
has 6 realistic non-rigid scenes like human interactions, where each scene has 31
viewpoints and each viewpoint has 150 timestamps/frames in total. This dataset is

naturally suitable for our continual learning setting and we evaluate our method as
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Table 5.3: Quantitative interpolation results (PSNR) of continual learning on Parti-

cleNeRF Dataset.

Observed Time | 0.15 0.30 0.45 0.60 0.75
Extrap Till | 0.30 0.45 0.60 0.75 0.90
DefGS[137] | 38.665 37.446 36.730 36.229 35.820 | 36.978

DefGS,,,p; | 37.984  36.499 35.233 35.168 34.896 | 35.956
TRACE (Ours) | 35.213 34.705 33.164 33.567 33.414 | 34.013

Average

Table 5.4: Quantitative extrapolation results (PSNR) of continual learning on Parti-

cleNeRF Dataset.

Observed Time | 0.15 0.30 0.45 0.60 0.75
Extrap Till | 0.30 0.45 0.60 0.75 0.90
DefGS[137] | 19.856 18.652 20.141 20.813 19.131 | 19.718

DefGS,pp: | 26.105  25.987  27.122  26.051  25.640 | 26.181
TRACE (Ours) | 26.731 27.623 27.168 28.422 27.777 | 27.544

Average

follows: 1) the first 15 timestamps are selected for initial training; 2) for every later
round, we load one more timestamp into training set and evaluate future prediction
on the future 10 timestamps; 3) we keep training till 135 timestamp. Quantitative
results are presented in Figure .8 and qualitative results are shown in Figure [5.9]
We can see that our method succeeds in extremely challenging non-rigid scenes with
sudden motions and non-constant forces. By design, our method is also flexible to
advanced hierarchical deformation fields, and Gaussians are traced in a Lagrangian

representation, thus mass being preserved in nature.

5.3.3 Analysis of Dynamics Parameters

Our core translation rotation dynamics system module is designed to learn per rigid
particle’s physical parameters. Ideally, for particles undergoing the same motion such
as all surface points of a single rigid part, they should have the same or similar physical

parameters. Given this, multiple dynamic objects or parts with distinct motions can
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Figure 5.8: Quantitative Extrapolation Results (PSNR) of Continual Learning on

Panoptic Sports Dataset.

Extrapolation Extrapolation

TRACE (Ours) Ground Truth

Figure 5.9: Qualitative Results of Continual Learning on Panoptic Sports Dataset.

be automatically segmented based on the similarity of learned physical parameters. By
comparison, as shown in Chapter the prior work NVFi [53] can hardly achieve
this autonomous dynamic segmentation by its own design, unless an additional motion
grouping method is applied. To further evaluate this nice property of our method, we

conduct the following steps to analyze the learned dynamics parameters.

First, after training our method on the Dynamic Object dataset, Dynamic Multipart

dataset, and Dynamic Indoor Scene dataset, for each dynamic scene, we have a
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Figure 5.10: Qualitative extrapolation results for continual learning on ParticleNeRF

dataset.
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Figure 5.11: Clustering of translation rotation physics parameters.

set of well-trained canonical 3D Gaussians, an auxiliary deformation field, and our

translation rotation dynamics parameters.
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Then, we use the auxiliary deformation field fgze, to deform the canonical 3D Gaussians
Gy to time t = 0.7, which is the maximum time the deformation field can query in
our training. At this timestamp, the motions of different objects and parts normally

achieve a steady state.

Lastly, we query all the learned physical parameters at this time, i.c., {(0}, al), (w}, €))}.
We choose (||of]], v, |wy ||, w;/||w)]|) as the features to cluster Gaussians via a simple
K-means algorithm. As shown in Figure [5.11] all Gaussians can be grouped into

physically meaningful objects or parts according to their actual motion patterns. More

results are in Figures and

We further quantitatively evaluate our motion grouping results on Dynamic Indoor
Scene Dataset. In particular, we follow Gaussian Grouping [I38| to render 2D object
segmentation masks for all 30 views over 60 timestamps on all 4 scenes, i.e., 7200
images in total. We compare with D-NeRF, NVFi, DefGS and DefGS,,, ;. We
follow NVFi and FreeGave to obtain segmentation results of D-NeRF and NVFi. For
the 3DGS-based baselines, we also adopt OGC [102] to segment Gaussians based

on scene flows induced from their learned deformation fields. All implementation

details can be found in Section [3.3.2] and [4.3.2 We also include a strong 2D object

segmentation method, Mask2Former [18] pre-trained by human annotations on COCO

[62] as a fully supervised baseline.

As shown in Table [5.5] our method achieves almost perfect object segmentation results
on all metrics, significantly outperforming all baselines. This shows that our learned
physical parameters correctly model object physical motion patterns and can be used

to identify objects according to their motions, without needing any human annotations.
We show qualitative results of the rendered object masks in Figure [5.15]

Motion Segmentation for Real-world Scene: We select the basketball scene from
Panoptic Sports Dataset [44] [99] 43|, [7T], and use manual prompts on Track-Anything
[135] to get pseudo ground truth. We render 2D masks on all 31 x 150 = 4650 views
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Table 5.5: Quantitative results of motion segmentation results on Dynamic Indoor

Scene dataset.

APt PQT F11 Pret Rect mloU?t
M2F[18] 65.37 73.14 7829 94.83 68.88  64.42
D-NeRF[86] 57.26 46.15 59.02 56.55 62.94  46.58
NVFi[53] 91.21 7874 93.75 93.76 93.74  67.64
DefGS[137] 51.73 57.60 66.43 63.21 70.07 54.46
DefGS,,fi  55.26  62.75  69.83  69.39 7291  56.82
TRACE (Ours) 95.82 93.28 97.90 96.21 99.86 79.55

for evaluation. Results are shown in Table [5.6| and Figure [5.12]

Table 5.6: Segmentation results on basketball scene of Panoptic Sports Dataset.

APt PQT F11 Pret Rect mloUf
DefGS 5.64 1530 20.51 1553  30.23  32.05
DefGSyy #i 43.52  53.60 64.02 52.95 80.93 68.25
TRACE (Ours) | 53.40 59.46 72.06 64.64 81.40 66.19

Figure 5.12: Qualitative results of segmentation.

DefGS, 5 DefGS

TRACE (Ours) Ground Truth
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Figure 5.13: Qualitative results for Object/Part Segmentation on Dynamic Object

dataset.
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Figure 5.14: Qualitative results for Object/Part Segmentation on Dynamic Multipart

dataset.
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5.3.4 Ablation Study

To verify different choices of our method, we conduct the following ablations.

(1) Different choices of time difference At in training stage: Given the time
interval between two consecutive frames in the training set as dt, we compare three
choices of the time difference At in the training stage: {dt,20t,30t}. We choose

At = 20t in our main experiments.

(2) Different choices of the order of physical dynamics: Our translation
rotation dynamic systems choose to learn 2"%-order dynamics in main experiments. We
compare the choices for the 1% order (no acceleration) and the 3" order (acceleration

of acceleration).

(3) Removing the auxiliary deformation field fj.;,: We feed Gaussian s at time
t' = 0 directly into f;.q, and use the output physical parameters to progressively move

s to a target future time ¢ with At = 24t.

(4) Removing the physics derivation: Instead of using the physics parameters
queried at time t' to derive the future motion states at time ¢t > t/, we query the

physics parameters from fi,.q(P,t) for future timestamps.

(5) Removing the equivalence parametrization: Instead of learning the equiva-
lent velocity and acceleration for the centers as Equation [5.4] we directly learn the

original parameters, implemented by a same MLP only with a modified output layer:
{(Pctv ’UZ, C"Z)? (w;fﬁ 6;)} = ftrd’<P7 t,)'

Results & Analysis: Table shows all ablation results for future frame extrapola-
tion. To show the robustness of our hyperparameters selected, the first two groups of
ablations are extensively conducted on three datasets. The remaining ablations are
conducted on our new Dynamic Multipart dataset. It can be seen that: 1) The greatest
impact is caused by the removal of the deformation field fg4.,. While this deformation

field itself is unable to learn physics, it significantly aids our core translation rotation
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Table 5.7: Ablation studies on three datasets.

Interpolation

Dynamic Multipart

Dynamic Object

Dynamic Indoor Scene

order  fgqeyo physcis equiv | PSNRT SSIM{ LPIPS| | PSNRT SSIMt LPIPS] | PSNRT SSIMt LPIPS|
(1) ot 2 v v v 35.370  0.991 0.018 39.305 0.995 0.006 32.184  0.928 0.121
(1) 26t 2 v v v 35.768 0.991 0.011 38.518  0.995 0.005 32.088 0.929  0.093
(1) 34t 2 v v v 35.666  0.991 0.011 37.718  0.994 0.005 32.044  0.929 0.094
(2) 20t 1 v v v 35.369  0.991 0.018 37.859  0.994 0.006 | 32.250 0.927 0.122
(2) 20t 3 v v v 35.832  0.991 0.011 38.669  0.995 0.004 32.111  0.929 0.093
(3) 24t 2 X v v 18.906  0.895 0.133 - - - - - -
(4) 24t 2 v X v 35.526  0.992 0.011 - - - - - -
(5) 24t 2 v v X 35.225  0.991 0.011 - - - - - -
Extrapolation
Dynamic Multipart Dynamic Object Dynamic Indoor Scene
order fgeyo physcis equiv | PSNRT SSIMt LPIPS| | PSNRT SSIMT LPIPS| | PSNRT SSIMt LPIPS|
(1) ot 2 v v v 32.852  0.989 0.010 | 31.597  0.987 0.009 33.831  0.958 0.078
(1) 24t 2 v v v 33.481 0.990 0.007 31.511 0.988 0.006 | 34.824 0.965 0.054
(1) 3at 2 v v v 33.003  0.989 0.008 29.787  0.983 0.011 34.778  0.965 0.054
(2) 24t 1 v v v 33.125  0.989 0.010 28.522  0.984 0.012 34.576  0.963 0.076
(2) 24t 3 v v v 33.312  0.989 0.008 31.044  0.987 0.007 34.086  0.961 0.056
(3) 24t 2 X v v 19.206  0.907 0.120 - - - - - -
(4) 26t 2 v X v 29.602  0.983 0.012 - - - - - -
(5) 24t 2 v v X 29.986  0.985 0.012 - - - - - -

dynamics system module to learn physical parameters given motion information. 2)

The choice of time difference At is also important. Once it is as small as the interval

between two consecutive frames, the performance drops, because the motion in short

intervals is too subtle to be distinguished. For example, a rotation may be learned as

a translation. However, if At is too large, the appearance fitting could be sacrificed,

so the performance is slightly weaker. 3) If physical parameters are learned but not

derived, the lack of physics consistency will influence motion learning.

5.4 Conclusion

In this chapter, we have demonstrated that complex motion dynamics—including

core physical parameters such as accelerations—can be explicitly learned purely from
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multi-view RGB videos without needing additional human labels such as object types
and masks. This is achieved by a new generic framework that simultaneously models
3D scene geometry, appearance, and explicit physical parameters by extending the
appealing 3DGS technique. In contrast to existing works, including PINN-based
methods that rely on soft constraints and even our prior works NVFi and FreeGave
that use implicit neural fitting for motion patterns, we directly learn a complete set of
physical parameters (encompassing accelerations and rotation/translation properties)
to govern the motion of each 3D rigid particle via our core translation-rotation
dynamics system module. This explicit parameterization enables not only accurate
future frame prediction but also more controllable manipulation of motion dynamics.
Moreover, since our framework is purely trained by RGB supervisions, it can be
easily extended to other types of priors such as local rigidity to further enhance the

performance.

Extensive experiments on three public dynamic datasets and a newly created dynamic
multipart dataset have shown the extraordinary performance of our method in the
challenging task of future frame extrapolation over all baselines. Notably, our approach
achieves this while eliminating the computational overhead of neural ODE integration,
thanks to the direct derivation of velocity and acceleration from learned physical
parameters. Additionally, the explicitly learned physical parameters facilitate practical
applications such as motion segmentation according to the similarity of their dynamics,

further demonstrating the utility of our physical parameter learning paradigm.
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Conclusion and Future Work

6.1 Conclusion

The ability to model dynamic 3D scenes with physical accuracy and predict their
future states is a cornerstone of advancing intelligent systems in robotics, augmented
reality, and embodied Al. Over the course of this thesis, we have addressed the critical
limitations of existing dynamic 3D modeling methods, specifically their inability to
produce physically plausible future predictions, inefficiencies in physics integration,
and lack of explicit control over motion dynamics, through a series of progressive
innovations. By developing three interconnected frameworks — NVFi, FreeGave, and
TRACE — we have established a comprehensive pipeline for learning disentangled
geometry, appearance, and physical properties from multi-view videos, enabling

accurate, efficient, and controllable future frame extrapolation.

In Chapter 3| we introduce NVFi, the first framework to deeply fuse dynamic radiance
fields with general physics rules for various kinds of scenes. By encoding mass and
momentum conservation laws into loss functions via PINNs and jointly optimizing
the keyframe radiance fields and interframe velocity fields, NVFi learns physically

consistent velocity fields, laying the foundation for physics-aware future prediction
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without relying on object masks or material annotations. This work validates that
integrating fundamental physical priors into dynamic scene modeling is key to enable

the model to understand the physics world.

In Chapter [l we propose FreeGave. Building on NVFi’s progress, we next tackle the
inefficiencies of PINN-based methods, which suffer from high computational overhead
due to global spatiotemporal sampling and training instability from multi-objective
optimization. FreeGave addresses these limitations through two critical innovations: a
divergence-free module that ensures mass conservation at every spatial point without
global PDE validation, and learnable physics encoding that decomposes complex
motions into efficient patterns. By treating 3D Gaussian kernels as rigid particles
with latent physics codes, FreeGave maintains physical plausibility while drastically
reducing training costs, making physics-aware modeling feasible for large and complex
scenes. This work demonstrates that physical constraints can be enforced intrinsically

and efficiently, overcoming the scalability barriers of early physics-integrated methods.

In Chapter 5] we develop TRACE, which shifts from implicit neural fitting of motion
patterns to explicit learning of underlying physical parameters. By modeling each 3D
Gaussian as a rigid particle with independent translation-rotation dynamics systems,
TRACE directly learns accelerations for rotation and translation properties, enabling
velocity and acceleration to be derived via classical mechanics rather than neural ODE
integration. This explicit parameterization eliminates inference overhead, improves
extrapolation accuracy, and enables novel applications like motion segmentation based
on parameter similarity. TRACE achieves controllable future prediction by grounding

dynamics in explicit physical parameters.
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6.2 Broader Impact and Future Directions

The research presented in this thesis advances dynamic 3D scene modeling from a
descriptive task (interpolating observed motions) to a predictive and controllable
one (extrapolating future states with physical rules). By progressively addressing
physical plausibility, efficiency, and explicit parameter learning, we have laid the
groundwork for practical applications: robots that anticipate environmental changes,
augmented reality systems with realistic scene interactions, and content creation
tools that generate physically consistent dynamic content. Looking forward, several

promising directions are opened up by this thesis.

6.2.1 Physics-Aware Robot Policy Learning

A compelling extension of our research lies in bridging dynamic 3D scene physics
modeling with robot policy learning, enabling autonomous systems to interact with
the physical world more intelligently. Current robotic systems often rely on prede-
fined motion primitives or short-term trajectory predictions, struggling to adapt to
unforeseen dynamic changes, such as a falling object altering its trajectory due to a
collision, or a deformable object shifting shape during manipulation. These limitations
stem from a lack of explicit understanding of the underlying governing physics, which

prevents robots from anticipating long-term consequences of their actions.

By integrating our framework’s ability to perceive and predict physical parameters
(e.g., accelerations, rotation dynamics) into robot policy learning, we can enable more
robust decision-making. For instance, a household service robot equipped with our
physics-aware perception could first reconstruct the 3D dynamics of a cluttered table,
predict its future position over the next few seconds, and then plan a collision-free
trajectory to grasp a target object without disturbing others. Similarly, industrial

collaborative robots could use learned physical parameters of assembly line components
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to adjust their gripper force and timing, reducing errors in high-speed operations.

Critical to this direction is the integration of our explicit physical parameter learn-
ing (from TRACE) with reinforcement learning or model-predictive control (MPC)
frameworks. The learned translation-rotation dynamics and acceleration parameters
would serve as a “physics prior” in the robot’s decision loop, constraining policy search
to physically plausible actions and reducing the sample complexity of training. This
synergy could unlock robots that not only react to the present but proactively plan

for the future, marking a significant step toward truly adaptive physical interaction.

6.2.2 Physics-Guided Video Generation

Another impactful application of our research is enhancing video generation models
with physical plausibility, addressing a key limitation of current state-of-the-art
methods. Modern video generators such as diffusion models excel at producing
visually realistic content with coherent textures and short-term motion, but they
often fail to respect fundamental physical laws—resulting in artifacts like floating
objects, unnatural accelerations, or inconsistent object interactions. These flaws arise
because existing models focus on statistical patterns in pixel sequences rather than

the underlying physics that govern motion.

Notably, this limitation of physical implausibility cannot be fundamentally addressed
by the prevalent scaling law paradigm in generative Al. Approaches driven by the
scaling law improve visual quality and coherence primarily by scaling model size,
training data volume, or computational resources, essentially enhancing the model’s
ability to capture and replicate statistical patterns in existing datasets. In contrast,
our work represents an orthogonal direction: instead of refining how well the model
leverages existing data, we introduce a novel modal representation for motion that is
grounded in physical principles, enabling algorithmic innovation at the source. This

shift allows us to move beyond mere statistical mimicry of pixels to explicit modeling
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of motion dynamics, directly addressing the root cause of physical artifacts rather

than superficially masking them.

Integrating our physics modeling framework into video generation pipelines offers a
critical solution to this discrepancy by establishing a supervised pipeline for reconstruct-
ing physical information. This pipeline enables the training of generalizable physical
features that capture fundamental motion dynamics across diverse dynamic scenes,
such as divergence-free velocity fields (from FreeGave) and consistent acceleration
patterns (from TRACE). These learned physical features, grounded in explicit physical
principles rather than mere statistical pixel patterns, serve as a robust foundation for

guiding video generation.

Specifically, this pipeline empowers two key mechanisms for enhancing generative
models: first, by injecting or aligning these generalizable physical features into video
generators during training, we constrain the model to learn representations that respect
physical plausibility alongside visual fidelity. Second, during inference, the pipeline
can directly generate structured physical information, including initial velocities,
acceleration parameters, that explicitly controls the motion logic of generated content.
By anchoring video generation in these learned physical features, whether through
feature alignment or direct physical parameter guidance, the model transcends mere
visual coherence, ensuring that generated motions adhere to natural physical laws. This
approach fundamentally elevates video generation from “looking visually consistent”
to “behaving physically realistic”, significantly improving both the authenticity and
physical plausibility of synthetic content.
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