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Abstract

Dynamic scene reconstruction is fundamental to real-time photorealistic
rendering for applications such as virtual reality, telepresence, and robotic
perception. Although early methods like Neural Radiance Fields (NeRFs)
have achieved impressive results in novel view synthesis, their heavy
computational demands severely hinder real-time deployment. This thesis
presents four novel methods that collectively advance dynamic 3D scene
reconstruction, offering substantial improvements in speed, controllability,
visual fidelity, and the robustness to handle challenging, unconstrained
environments.

First, we propose DyLilN, the first Light Field Network (LFN) framework
capable of modeling dynamic scenes with topological variation. DyLiN
incorporates a ray-based deformation MLP and hyperspace lifting network,
trained via knowledge distillation from dynamic NeRFs, achieving superior
visual quality with order-of-magnitude faster inference. Next, we develop
CoGS, an extension of 3D Gaussian Splatting (3DGS) that enables
dynamic, controllable scene modeling without dense supervision. CoGS
leverages explicit Gaussian representations alongside novel regularization
losses to allow reasonable manipulation of scene elements.

We further present GS-LK, a hybrid method integrating Gaussian Splat-
ting with a differentiable Lucas-Kanade pipeline for improved geomet-
ric consistency in monocular video. Finally, Focus4DGS introduces
uncertainty-aware modeling in 4D Gaussian Splatting to enhance ro-
bustness in uncontrolled environments. It achieves this by separating
high-confidence reconstructions from ambiguous motion regions, effec-
tively finding the subset of dynamic objects that can be reconstructed
from those that cannot.

Collectively, these contributions advance the field toward real-time, high-
fidelity dynamic scene modeling by addressing core limitations of existing
methods. Extensive experiments on synthetic and real datasets demon-
strate superior performance in rendering speed, image quality, and scene
controllability, making these methods suitable for deployment in interac-
tive and resource-constrained applications.
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Chapter 1

Introduction

1.1 Motivation

Recent advancements in machine vision have significantly improved our ability to
reconstruct 3D scenes from 2D observations. A key driver of this progress has been
the development of coordinate-based networks, particularly Neural Radiance Fields
(NeRFs), which represent scenes implicitly using multi-layer perceptrons (MLPs)
to enable high-fidelity novel view synthesis. This is achieved by synthesizing views
through volumetric integration along cast rays. While powerful, this reliance on per-
ray numerical sampling is computationally intensive and poorly suited for real-time
applications.

To overcome this limitation, one line of research has focused on accelerating
NeRFs through techniques like voxel pruning and multi-resolution grids. A more
fundamental approach, taken by Light Field Networks (LFNs), bypasses the costly
integration step entirely by directly regressing a ray’s final color with a single MLP
evaluation. This yields significantly faster inference but, prior to this work, no method
had successfully extended LFNs to dynamic scenes, which require the modeling of
time-varying geometry and appearance.

While the LFN paradigm had yet to bridge this gap, research in the NeRF space
did push into the dynamic domain. These dynamic NeRF variants typically address
the temporal challenge by introducing deformation fields or hyperspace embeddings

to represent motion and topology changes. While expressive, these models remain



1. Introduction

computationally heavy and are impractical for real-time deployment. Moreover, few
methods address topological variation or achieve controllability in dynamic scenes.

In contrast, explicit scene representations like 3D Gaussian Splatting (3DGS)
offer a compelling alternative. 3DGS represents scenes as collections of 3D Gaus-
sians projected onto image planes using differentiable rasterization. This explicit
formulation enables faster rendering, simpler optimization, and interpretable scene
elements. Although early efforts have extended 3DGS to dynamic scenes, they have
not fully exploited the representation’s explicit structure to address key challenges
like fine-grained controllability, geometric robustness under sparse views, or the visual
ambiguities inherent in unconstrained environments.

This thesis pushes the boundaries of dynamic 3D scene reconstruction by systemat-
ically addressing these challenges. It introduces four novel methods with the collective
goal of making dynamic reconstruction not only faster and more controllable, but
also more effective at modeling highly dynamic regions from limited camera views

and more robust to visual distractors.

1.2 Contributions

To address these challenges, this thesis presents the following four core contributions,

each targeting a critical aspect of the overall goal:

e DyLiN (Dynamic Light Field Network): A novel extension of LENs for
dynamic scenes. DyLiN models non-rigid deformation and topological variation
using a ray-based deformation MLP and a hyperspace lifting network. It is
trained via knowledge distillation from pretrained dynamic NeRFs and achieves
high image quality with an order-of-magnitude faster rendering time than the

teacher models and other dynamic NeRF baselines.

e CoGS (Controllable Gaussian Splatting): A dynamic scene reconstruction
method that extends 3D Gaussian Splatting to time-varying scenes. CoGS
introduces multiple regularization losses to ensure spatial-temporal consistency,
and leverages the explicit nature of Gaussians to enable intuitive, fine-grained
control of scene elements without requiring labeled control signals or dense

supervision.
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e GS-LK (Gaussian Splatting with Lucas-Kanade): A hybrid method
that combines Gaussian Splatting with a differentiable Lucas-Kanade optimiza-
tion pipeline. GS-LK improves geometric consistency and motion tracking in
monocular video scenarios where limited camera movement makes dynamic 3D

reconstruction particularly challenging.

* Focus4DGS (Distractor-Free 4D Gaussian Splatting): A framework
for robust dynamic scene reconstruction that explicitly models uncertainty.
Focus4dDGS decomposes the scene into a primary set of dynamic Gaussians
to represent the core, consistent motion, and auxiliary per-view Gaussians
that account for difficult to reconstruct regions. A novel uncertainty-guided
loss function drives this decomposition. This results in an effective separation
between well-reconstructed geometry and ambiguous regions, enabling reliable

dynamic scene modeling even in challenging, unconstrained conditions.

Together, these methods offer scalable, high-fidelity, and controllable 3D dynamic

scene reconstruction pipelines suitable for real-time applications.

1.3 Overview

The remainder of this thesis is structured to guide the reader from foundational

concepts to our novel contributions in dynamic scene reconstruction.

e Chapter 2 reviews the Background on foundational rendering and scene
representation techniques, providing the necessary context for the contributions
that follow.

e Chapter 3 begins the technical contributions with DyLiN [77], a method that
accelerates dynamic scene reconstruction by introducing the first dynamic Light

Field Network to achieve significant gains in rendering speed.

¢ Chapter 4 then transitions from implicit to explicit representations with CoGS
[76], a framework that leverages the structure of 3D Gaussian Splatting to

enable direct, intuitive control over dynamic scene elements

e Chapter 5 tackles the challenge of insufficient geometric constraints by present-

ing GS-LK [71], a hybrid method that improves motion tracking in monocular

3
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videos with limited camera movement by integrating classical optical flow

principles into the 3DGS framework.
e Chapter 6 addresses the final challenge of real-world capture by introducing

Focus4dDGS. This framework learns to model uncertainty in order to separate
high-confidence geometry from visual distractors, enhancing robustness in

unconstrained environments.

e Chapter 7 concludes the thesis by summarizing our key findings, discussing
the limitations of the proposed methods, and offering suggestions for future

research.



Chapter 2

Background

2.1 Rendering

The reconstruction of 3D scenes from 2D observations is fundamentally tied to
the method used to render an image from a scene representation. Two dominant
paradigms to this thesis: volumetric rendering, which synthesizes images by integrating
properties through space, and primitive-based rasterization, which projects explicit

geometry onto an image plane.

2.1.1 Volumetric Rendering

Volumetric rendering is the foundational technique behind Neural Radiance Fields
(NeRFs). In this paradigm, an image is formed by casting a camera ray through each
pixel and numerically integrating color and density contributions along that ray. The
color for a single pixel, C, is calculated by accumulating the color ¢; of samples along
the ray, weighted by their density o along the ray from a near plane ¢, to a far plane

ty. This continuous integral is expressed as

O@r) = /ttf T(t) o(r(t)) c(r(t),d) dt, where T(t) = exp (— /t:a(r(s))ds) (2.1)

Here, T'(t) represents the transmittance from the near plane ¢, to point ¢ without

being occluded.
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In practice, this continuous integral is approximated with:

N i1
C Zﬂ (1 —exp(—0:0;)) ¢;, with T; = exp (— Zaj5j> (2.2)
j=1

i=1

0; is the distance between samples. While producing high fidelity reconstructions
of captured scenes, this process is computationally expensive as it requires sampling

and evaluating a network at hundreds of points for every single pixel in a given image.

2.1.2 Primitive-based Rendering

In contrast to volumetric rendering, primitive-based rasterization offers a more direct
and more efficient approach. This method represents scenes as a collection of explicit
geometric primitives. In the case of 3D Gaussian Splatting (3DGS), these are
anisotropic 3D Gaussians. To produce an image, these primitives are projected from
3D to 2D using differentiable rasterization. The final color for each pixel is then
determined by first sorting the primitives in reverse-depth ordering and blending
them together.

Because the primitives are explicitly defined, their exact locations in 3D space
are known, eliminating the need for expensive sampling along rays. This leads to
significantly faster rendering, making the method especially well-suited for real-time

and interactive applications, such as virtual reality (VR).

2.2 Scene Representations

With the fundamental rendering paradigms established, we now introduce the specific
scene representation techniques that are central to this thesis. These methods define

how a 3D scene’s geometry and appearance are captured.

2.2.1 Neural Radiance Fields (NeRFs)

Neural Radiance Fields (NeRFs) [36] have emerged as a cornerstone of 3D scene
reconstruction, known for synthesizing high-fidelity novel views from a sparse set

of 2D images. NeRFs model the volumetric radiance field of a scene by training a
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Multi-Layer Perceptron (MLP) that maps 3D coordinates and viewing directions
to density and color. Specifically, this network maps a 3D coordinate x and a 2D
viewing direction d to a volume density d and an emitted color ¢. An image is then
rendered using the volumetric rendering technique described in 2.1.1.

While NeRFs offer high fidelity, they are slow due to the need to sample and evalu-
ate hundreds of points per ray, making real-time applications impractical. Subsequent
works have extended NeRF's to handle dynamic scenes by introducing deformation
fields or hyperspace embeddings to model motions and changes in topology. However,

these dynamic NeRF variants remain computationally expensive.

2.2.2 Light Field Networks (LFNs)

To address the computational inefficiency of NeRFs, Light Field Networks (LFNs)
were proposed as an alternative that replaces the costly numerical integration process.
LFNs are MLPs trained to directly regress the final color of a camera ray from the
ray’s parameters alone, requiring only a single network evaluation per-pixel. With
only a single network evaluation per-ray, this approach is significantly faster than
standard NeRF rendering.

The performance of an LFN is highly dependent on how rays are represented.
Various parameterizations have been explored in the literature, each affecting gen-
eralization and rendering quality. Of particular relevance to this work is R2L [62],
which employs a deep residual MLP architecture trained via knowledge distillation
from a pretrained NeRF. This method achieves superior image quality at a fraction

of the rendering cost, making it a compelling alternative for efficient scene synthesis.

2.2.3 3D Gaussian Splatting

More recently, 3D Gaussian Splatting (3DGS) [21] was introduced as a highly ef-
ficient explicit scene representation technique. Unlike the implicit, network-based
representations of NeRFs and LFNs, 3DGS models a scene using a large collection of
3D Gaussians. Each Gaussian is explicitly defined by a full 3D covariance matrix 3,
position (mean) p, opacity «, and color represented via spherical harmonics (SH).

To render these Gaussians, projecting them from 3D to 2D Gaussians, we follow the

7
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procedure outlined in [80] to obtain the view space covariance matrix 3:
¥ = JWSW1JT, (2.3)

where W is the view transform and J is the Jacobian of the affine approximation of
the projective transformation.

Since the physical meaning of a covariance matrix is only valid if it is positive
semi-definite, it cannot be easily optimized to best represent a scene’s radiance field
[21]. However, we can obscure this complexity by employing a parameterization that
inherently maintains the positive semi-definiteness of the matrix. The covariance ma-
trix 3 can be decomposed into intuitive and optimizable components that correspond

to an ellipsoid’s scaling and orientation with rotation matrix R and scaling matrix S:
> = RSS'R”. (2.4)

and optimize R, S instead of 3. After projection, the now 2D Gaussians are sorted
from front-to-back and blended together using an alpha-blending rule similar to
the volumetric rendering equation in 2.1.1 to produce the final pixel color. During
optimization, the number of 3D Gaussians is adaptively controlled to best represent
the scene. For a more comprehensive outline of this procedure, we kindly ask the

readers to refer to [21].

2.3 Modeling Scene Dynamics

Representing a scene that changes over time introduces the significant challenge
of modeling motion, deformation, and potential changes in topology. A dominant
paradigm for tackling this challenge, applied to both implicit and explicit representa-
tions, is the use of a canonical space mapped to a specific time via a deformation
field.

¢ The canonical space serves as a static, time-independent 3D template of
the scene. It encodes the underlying geometry and appearance, acting as a

consistent reference frame throughout the temporal evolution of the scene.

¢ The deformation field, commonly implemented as an MLP and also referred



2. Background

to as a forward warp field, defines the motion. In the context of this thesis, this
field primarily functions as a forward warp, which deforms the geometry from
the static canonical space to its dynamic position in the world at a given time
t. This allows a single, learned canonical model to represent the scene across

its entire evolution.

This canonical-to-deformed formulation is central to many dynamic scene modeling
methods. It underpins dynamic NeRF variants such as D-NeRF [46], as well as explicit
approaches like DeformableGS [73] and 4DGaussians [70], which extend 3DGS to

dynamic environments.
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Chapter 3

Making Light Field Networks

Dynamic

Addressing the limitations of existing methods for dynamic scene reconstruction,
this thesis first explores extending Light Field Networks (LFNs) to dynamic settings.
While LFNs offer significant advantages in inference speed and computational ef-
ficiency, adapting them to handle time-varying geometry and complex topological
changes remains an open challenge. To bridge this gap, this chapter introduces DyLiN,
a novel framework that enhances LENs with deformation fields, hyperspace embed-
dings, and knowledge distillation from dynamic NeRF models. DyLiN significantly
accelerates dynamic scene reconstruction and achieves high visual fidelity without

the computational overhead inherent in previous approaches.

3.1 Introduction

Machine vision has made tremendous progress with respect to reasoning about 3D
structure using 2D observations. Much of this progress can be attributed to the
emergence of coordinate networks [9, 34, 41], such as Neural Radiance Fields (NeRF)
[36] and its variants [2, 33, 37, 65]. They provide an object agnostic representation
for 3D scenes and can be used for high-fidelity synthesis for unseen views. While
NeRFs mainly focus on static scenes, a series of works [13, 42, 46, 56| extend the idea

to dynamic cases via additional components that map the observed deformations to a

11
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canonical space, supporting moving and shape-evolving objects. It was further shown
that by lifting this canonical space to higher dimensions the method can handle
changes in scene topology as well [43].

However, the applicability of NeRF models is considerably limited by their com-
putational complexities. From each pixel, one typically casts a ray from that pixel,
and numerically integrates the radiance and color densities computed by a Multi-
Layer Perceptron (MLP) across the ray, approximating the pixel color. Specifically,
the numerical integration involves sampling hundreds of points across the ray, and
evaluating the MLP at all of those locations.

Several works have been proposed for speeding up static NeRF's. These include
employing a compact 3D representation structure [12, 30, 75], breaking up the MLP
into multiple smaller networks [47, 48], leveraging depth information [10, 38}, and
using fewer sampling points [29, 38, 72]. Yet, these methods still rely on integration
and suffer from sampling many points, making them prohibitively slow for real-
time applications. Recently, Light Field Networks (LFNs) [53] proposed replacing
integration with a direct ray-to-color regressor, trained using the same sparse set
of images, requiring only a single forward pass. R2L [62] extended LFNs to use a
very deep residual architecture, trained by distillation from a NeRF teacher model
to avoid overfitting. In contrast to static NeRF acceleration, speeding up dynamic
NeRF's is a much less discussed problem in the literature. This is potentially due
to the much increased difficulty of the task, as one also has to deal with the high
variability of motion. In this direction, [11, 63] greatly reduce the training time by
using well-designed data structures, but their solutions still rely on integration. LFNs
are clearly better suited for acceleration, yet, to the best of our knowledge, no works
have attempted extending LFNs to the dynamic scenario.

To address this gap, this chapter introduces DyLiN, a framework that extends
Light Field Networks to model dynamic scenes with non-rigid deformations and
topological changes. Our method incorporates a deformation field and a hyperspace
representation, distilling knowledge from a pretrained dynamic NeRF teacher model
to learn the complex dynamics. We will demonstrate through empirical experiments
on synthetic and real datasets that DyLiN achieves superior image quality and an
order-of-magnitude faster rendering speed when compared to its NeRF teacher and

the state-of-the-art TiNeuVox method. The chapter will also present detailed ablation
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3. Making Light Field Networks Dynamic

studies to validate the effectiveness of each component in the DyLiN architecture.

3.2 Related Works

Dynamic NeRFs. Extending NeRF's to dynamic (deformable) domains has sparked
considerable research interest [13, 42, 43, 46, 56]. Among these works, the ones that
most closely resemble ours are D-NeRF [46] and HyperNeRF [43]. D-NeRF uses
a translational deformation field with temporal positional encoding. HyperNeRF
introduces a hyperspace representation, allowing topological variations to be effectively
captured. Our work expands upon these works, as we propose DyLiN, a similar
method for LFNs. We use the above dynamic NeRF's as pretrained teacher models

for DyLiN, achieving better fidelity with orders of magnitude shorter rendering times.

Accelerated NeRFs. The high computational complexity of NeRFs has motivated
several follow-up works on speeding up the numerical integration process. The
following first set of works are restricted to static scenarios. NSVF [30] represents the
scene with a set of voxel-bounded MLPs organized in a sparse voxel octree, allowing
voxels without relevant content to be skipped. KiloNeRF [48] divides the scene into a
grid and trains a tiny MLP network for each cell within the grid, saving on pointwise
evaluations. Autolnt [29] reduces the number of point samples for each ray using
learned partial integrals. In contrast to the above procedures, speeding up dynamic
NeRF's is much less discussed in the literature, as there are only 2 papers published
on this subject. Wang et al. [63] proposed a method based on Fourier plenoctrees
for real-time dynamic rendering, however, the technique requires an expensive rigid

scene capturing setup.

TiNeuVox [11] reduces training time by augmenting the MLP with time-aware voxel
features and a tiny deformation network, while using a multi-distance interpolation
method to model temporal variations. Interestingly, all of the aforementioned methods
suffer from sampling hundreds of points during numerical integration, and none of
them support changes in topology, whereas our proposed DyLiN excels from both

perspectives.
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3. Making Light Field Networks Dynamic

Knowledge Distillation. The process of training a student model with synthetic
data generated by a teacher model is called Knowledge Distillation (KD) [4], and it
has been widely used in the vision and language domains [6, 24, 61, 64] as a form
of data augmentation. Like R2L [62], we also use KD for training, however, our
teacher and student models are both dynamic and more complex than their R2L

counterparts.

3.3 Methods

In this section, we present our solution for extending LFNs to the dynamic scenario.
We propose DyLiN, supporting dynamic deformations and hyperspace representations
via two respective MLPs. We use KD to train DyLiN with synthetic data generated
by a pretrained dynamic NeRF teacher model.

3.3.1 Network Architecture

A o XXX ... Camera ray
/ MLP — d/ >
Ray origin o v

Ray direction d

]@ A A
[ — ||Deep Res MLP| & RGB
Time ¢ \ [ ] J | B

MLP | — W u

OW hyper-space

Figure 3.1: Schematic diagram of our proposed DyLiN architecture. We take a
ray 7 = (0,d) and time ¢ as input. We deform r into ' = (¢, d’), and sample few
points x, k = 1,..., K along ' to encode it (blue). In parallel, we also lift r and
t to the hyperspace code w (green), and concatenate it with each zx. We use the
concatenation to regress the RGB color of r at ¢ directly (red).

Our overall DyLiN architecture Gy is summarized in fig. 3.1. It processes rays
instead of the widely adopted 3D point inputs as follows.
Specifically, our deformation MLP T, maps an input ray r = (0, d) to canonical
space ray r' = (o', d'):
(o,d) =T,(o0,d,t). (3.1)
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3. Making Light Field Networks Dynamic

Unlike the pointwise deformation MLP proposed in Nerfies [42], which bends rays
by offsetting their points independently, our MLP outputs rays explicitly, hence no
ray bending occurs. Furthermore, after obtaining 7/, we encode it by sampling and
concatenating K points along it.
Our hyperspace MLP H, is similar to 7, except it outputs a hyperspace repre-
sentation w:
w = Hy(o,d,1). (3.2)

In contrast to HyperNeRF [43], which predicts a hyperspace code w for each 3D
point, we use rays and compute a single w for each ray.

Both MLPs further take the index ¢ as input to encode temporal deformations.

Once the K points and w are obtained, we concatenate them and feed the result
into our LFN R, which is a deep residual color MLP regressor. Overall, we can
collect the model parameters as ¢ = [w, ¥, 7|.

Note that without our two MLPs T;, and H,, our DyLiN falls back to the vanilla
LFN.

3.3.2 Training Procedure

Our training procedure is composed of 3 phases.
First, we pretrain a dynamic NeRF model Fy (e.g., D-NeRF [46] or HyperNeRF
[43]) by randomly sampling time ¢ and input ray r, and minimizing the Mean Squared

Error (MSE) against the corresponding RGB color of monocular target video I:
ngin Et,T:(O,d) |:HF9(07 da t) - I(O7 d7 t)”%:| : (33)

Recall, that Fjy is slow, as it performs numerical integration across the ray r = (o, d).
Second, we employ the newly obtained Fj- as the teacher model for our DyLiN
student model G, via KD. Specifically, we minimize the MSE loss against the

respective pseudo ground truth ray color generated by Fy-« across S ray samples:
in Eepio [[Gol0,ds1) = Fir(o,d, 1) ] (3.4

yielding G5. Note how this is considerably different from R2L [62], which uses a
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3. Making Light Field Networks Dynamic

static LFN that is distilled from a static NeRF.
Finally, we initialize our student model G, with parameters ¢ and fine-tune it

using the original real video data:

min_ Etﬂ“:(o,d) [HG¢>(07 d, t) - [(07 d, t) H%] ) (35)
é, po=¢

obtaining ¢*.

3.4 Experimental Setup

3.4.1 Datasets

To test our hypotheses, we performed experiments on three types of dynamic scenes:
synthetic, real and real controllable.

Synthetic Scenes. We utilized the synthetic 360° dynamic dataset introduced by
[46], which contains 8 animated objects with complicated geometry and realistic
non-Lambertian materials. Each dynamic scene consists of 50 to 200 training images
and 20 testing images. We used 400 x 400 image resolution. We applied D-NeRF
[46] as our teacher model with the publicly available pretrained weights.

Real Scenes. We collected real dynamic data from 2 sources. First, we utilized 5
topologically varying scenes provided by [43] (Broom, 3D Printer, Chicken, Americano
and Banana), which were captured by a rig encompassing a pole with two Google
Pixel 3 phones rigidly attached roughly 16 cm apart. Second, we collected human
facial videos using an iPhone 13 Pro camera. We rendered both sets at 960 x 540
image resolution. We pretrained a HyperNeRF [43] teacher model from scratch for

each scene.

3.4.2 Settings

Throughout our experiments, we use the settings listed below, many of which follow
[62].
In order to retain efficiency, we define 7, and H, to be small MLPs, with 7,
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3. Making Light Field Networks Dynamic

consisting of 7 layers of 128 units with ' € R° and Hy having 6 layers of 64 units
with w € R8. Then, we use K = 16 sampled points to represent rays, where sampling
is done randomly during training and evenly spaced during inference.

Contrary to T}, and Hy, our LEN R, is a very deep residual color MLP regressor,
containing 88 layers with 256 units per layer, in order to have enough capacity to
learn the video generation process.

We generate rays within Eqgs. 3.3 to 3.5 by sampling ray origins o = (2, Yo, 2o)
and normalized directions d = (x4, yq, z4) randomly from the uniform distribution U

as follows:

To o U@, 2l),  xq ~ U]z, (3.6)
Yo ~ U™y, ya~ Uy, yr®®), (3.7)
2o ~ U(z;"m, 2Tz~ U(z&”m, 200, (3.8)

where the min, maz bounds of the 6 intervals are inferred from the original training
video. In addition to uniform sampling, we also apply the hard example mining
strategy suggested in [62] to focus on fine-grained details.

We used S = 10000 training samples during KD in (3.4). Subsequently, we also
randomly sample time step ¢ uniformly from the unit interval: ¢ ~ U(0, 1).

During training, we used Adam [22] with learning rate 5 x 10~* and batch size
4096. We performed all experiments on single NVIDIA A100 GPUs.

3.4.3 Baseline Models

For testing our methods, we compared quality and speed against several baseline
models, including NeRF [36], NV [31], NSFF [28], Nerfies [42], HyperNeRF [43], two
variants of TiNeuVox [11], DirectVoxGo [55], Plenoxels [12], T-NeRF and D-NeRF
[46], as well as CoNeRF [20].

In addition, we performed an ablation study by comparing against 2 simplified
versions of our DyLiN architecture. First, we omitted both of our deformation and
hyperspace MLPs and simply concatenated the time step ¢ to the sampled ray points
(essentially resulting in a dynamic R2L). This method is illustrated in fig. 3.2a. Second,
we employed a pointwise deformation MLP (5 layers of 256 units) inspired by [46],
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(b)
Figure 3.2: Our two ablated baseline models, omiting components of our DyLiN.

(a) Without our two proposed MLPs. (b) Pointwise deformation MLP only, predicting
offsets jointly.

which deforms points along a ray by predicting their offsets jointly, i.e., it can bend
rays. This is contrast to our DyLiN, which deforms rays explicitly without bending
and also applies a hyperspace MLP. This scheme is depicted in fig. 3.2b. In both
baselines, the deep residual color MLP regressors were kept intact. Next, we also
tested the effects of our fine-tuning procedure from (3.5) by training all of our models
both with and without it. Lastly, we assessed the dependences on the number of

sampled points along rays K and on the number of training samples S during KD in
(3.4).

3.4.4 FEvaluation Metrics

For quantitatively evaluating the quality of generated images, we calculated the Peak
Signal-to-Noise Ratio (PSNR) [18] in decibels (dB), the Structural Similarity Index
(SSIM) [40, 68], the Multi-Scale SSIM (MS-SSIM) [67] and the Learned Perceptual
Image Patch Similarity (LPIPS) [78] metrics. Intuitively, PSNR is a pixelwise score,
while SSIM and MS-SSIM also take pixel correlations and multiple scales into account,

respectively, yet all of these tend to favor blurred images. LPIPS compares deep
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neural representations of images and is much closer to human perception, promoting

semantically better and sharper images.

Furthermore, for testing space and time complexity, we computed the storage size
of parameters in megabytes (MB) and measured the wall-clock time in milliseconds

(ms) while rendering the synthetic Lego scene with each model.

3.5 Results

3.5.1 Quantitative Results

table 3.1 and table 3.2 contain our quantitative results for reconstruction quality on
synthetic and real dynamic scenes, accordingly. We found that among prior works,
TiNeuVox-B performed the best on synthetic scenes with respect to each metric. On
real scenes, however, NSFF took the lead. Despite having strong metrics, NSFF is
qualitatively poor and slow. Surprisingly, during ablation, even our most basic model
(DyLiN without the two MLPs from fig. 3.2a) could generate perceptually better
looking images than TiNeuVox-B, thanks to the increased training dataset size via
KD. Incorporating the MLPs T, and H,;, into the model each improved results slightly.
Interestingly, fine-tuning on real data as in (3.5) gave a substantial boost. In addition,
our relative PSNR improvement over the teacher model (table 3.1=+41.93dB, up to
+3.16 dB per scene; table 3.2=+2.7dB, up to +13.14dB) is better than that of R2L
[62] (+1.4dB, up to +2.8dB).

table 3.3 shows quantitative results for space and time complexity on the synthetic
Lego scene. We found that there is a trade-off between the two metrics, as prior
works are typically optimized for just one of those. In contrast, all of our proposed
DyLiN variants settle at the golden mean between the two extremes. When compared
to the strongest baseline TiNeuVox-B, our method requires 3 times as much storage
but is nearly 2 orders of magnitude faster. Plenoxels and NV, the only methods that

require less computation than ours, perform much worse in quality.
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Table 3.1: Quantitative results on synthetic dynamic scenes. Notations: MLP =
Multi-Layer Perceptron, PD = pointwise deformation, FT = fine-tuning. We utilized
D-NeRF as the teacher model for our DyLiNs. Best results in bold.

Method PSNRt SSIMt LPIPS|
NeRF [36] 19.00 0.8700 0.1825
DirectVoxGo [55} 18.61 0.8538 0.1688
Plenoxels [12] 20.24 0.8688 0.1600
T-NeRF [46] 29.51 0.9513 0.0788
D-NeRF [46] 30.50 0.9525 0.0663
TiNeuVox-S [11] 30.75 0.9550 0.0663
TiNeuVox-B [11] 32.67 0.9725 0.0425
DyLiN, W/O two MLPs, W/O FT (ours) 31.16 0.9931 0.0281
DyLiN, w/o two MLPs (ours) 32.07 0.9937 0.0196
DyLiN, PD MLP ounly, w/o FT (ours) 31.26 0.9932 0.0279
DyLiN, PD MLP only (ours) 31.24 0.9940 0.0189
DyLiN, w/o FT (ours) 31.37  0.9933  0.0275
DyLiN (Ours) 32.43 0.9943 0.0184

3.5.2 Qualitative Results

fig. 3.3 and fig. 3.4 depict qualitative results for reconstruction quality on synthetic
and real dynamic scenes, respectively. Both show that our full DyLiN model generated
the sharpest, most detailed images, as it was able to capture cloth wrinkles (fig. 3.3j)
and the eye of the chicken (fig. 3.4e). The competing methods tended to oversmooth
these features. We also ablated the effect of omitting fine-tuning (fig. 3.3i, fig. 3.4d),
and results declined considerably.

For the sake of completeness, fig. 3.5 illustrates qualitative ablation results for our
model components on real dynamic scenes. We found that sequentially adding our two
proposed MLPs T,, and H, improves the reconstruction, e.g., the gum between the
teeth (fig. 3.5¢) and the fingers (fig. 3.5j) become more and more apparent. Without
the MLPs, these parts were heavily blurred (fig. 3.5¢, fig. 3.5h).

3.6 Conclusion

We proposed an architecture for extending LFNs to dynamic scenes. Specifically, we

introduced DyLiN, which models ray deformations without bending and lifts whole
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Table 3.2: Quantitative results on real dynamic scenes. Notations: MLP = Multi-Layer
Perceptron, PD = pointwise deformation, FT = fine-tuning. We used HyperNeRF as
the teacher model for DyLiN. Best results in bold.

Method PSNR{1 MS-SSIMt
NeRF [36] 20.1 0.745
NV [31] 16.9 0.571
NSFF [28] 26.3 0.916
Nerfies [42] 22.2 0.803
HyperNeRF [43] 224 0.814
TiNeuVox-S [11] 23.4 0.813
TiNeuVox-B [11] 24.3 0.837
DyLiN, w/o two MLPs, w/o FT (ours) 23.8 0.882
DyLiN, w/o two MLPs (ours) 24.2 0.894
DyLiN, PD MLP only, w/o FT (ours) 23.9 0.885
DyLiN, PD MLP only (ours) 24.6 0.903
DyLiN, w/o FT (ours) 24.0 0.886
DyLiN (ours) 25.1 0.910
(a) Ground  (b) D-NeRF ) TiNeuVox (d) Ours w/o (e
Truth [46] [11] FT
Jumping (f) Ground (g) D-NeRF ) TiNeuVox Ours W/o w
Jacks Truth [46] [1 1] ) Ours w/ FT

Figure 3.3: Qualitative results on synthetic dynamic scenes. We compare our DyLiN
(Ours-1, Ours-2) with the ground truth, the D-NeRF teacher model and TiNeuVox.
Ours-1 and Ours-2 were trained without and with fine-tuning on the original data,
respectively.

rays into a hyperspace. We trained this technique via knowledge distillation from
various dynamic NeRF teacher models. We found that DyLiN produces state-of-the-

art quality even without ray bending, while nearly being 2 orders of magnitude faster
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Table 3.3: Quantitative results for space and time complexity on the synthetic Lego
scene. Notations: MLP = Multi-Layer Perceptron, PD = pointwise deformation, F'T
= fine-tuning.

Method Storage (MB) Wall-clock time (ms)
NeRF [36] 5.00 2050.0
DirectVoxGo [55] 205.00 1090.0
Plenoxels [12] 717.00 50.0
NV [31] 439.00 74.9
D-NeRF [46] 4.00 8150.0
NSFF [28] 14.17 5450.0
HyperNeRF [43] 15.36 2900.0
TiNeuVox-S [11] 23.70 3280.0
TiNeuVox-B [11] 23.70 6920.0
DyLiN, w/o two MLPs, w/o FT (ours) 68.04 115.4
DyLiN, w/o two MLPs (ours) 68.04 115.4
DyLiN, PD MLP only, w/o FT (ours) 72.60 115.7
DyLiN, PD MLP only (ours) 72.60 115.7
DyLiN, w/o FT (ours) 70.11 116.0
DyLiN (ours) 70.11 116.0

-

(a) Ground  (b) HyperN- (c) TiNeuVox (d) Ours w/o (e) Ours  w/
Chicken Truth eRF [43] [11] FT FT

Figure 3.4: Qualitative results on a real dynamic scene. We compare our DyLiN
(Ours-1, Ours-2) with the ground truth, the HyperNeRF teacher model and TiNeuVox.
Ours-1 and Ours-2 were trained without and with fine-tuning on the original data,
respectively.

than their strongest baselines.

Our method does not come without limitations, however. Most importantly, it
focuses on speeding up inference, as it requires pretrained teacher models, which
can be expensive to obtain. In some experiments, our solutions were outperformed
in terms of the PSNR score. Using the winners as teacher models could improve
performance. Additionally, distillation from multiple teacher models or joint training

of the teacher and student models are also yet to be explored. Moreover, we currently
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) Ground b) HyperN- ) Ours-1 ) Ours-2 ) Ours-3

is

Expression

(f) Ground (¢) HyperN- (h) Ours-1 (i) Ours-2 (j) Ours-3
Peel Banana  Truth eRF [43]

Figure 3.5: Qualitative results for ablation on real dynamic scenes. We compare
our DyLiN (Ours-1, Ours-2, Ours-3) with the ground truth and the HyperNeRF
teacher model. Ours-1 was trained without our two MLPs. Ours-2 was trained with

pointwise deformation MLP only. Ours-3 is our full model with both of our proposed
two MLPs.

represent rays implicitly by sampling K points along them, but increasing this number
can lead to overfitting. An explicit ray representation may be more effective. Finally,
voxelizing and quantizing our models could improve efficiency.

Our results are encouraging steps towards achieving real-time volumetric rendering
and animation, and we hope that our work will contribute to the progress in these

areas.

23



Chapter 4

Controllable Gaussian Splatting

Although DyLiN provides fast and high-quality dynamic scene reconstruction, many
practical applications require more than visual fidelity alone. They demand direct,
intuitive, and fine-grained control over dynamic elements. Such capabilities are
particularly essential for interactive systems, animation, and scene editing, where
implicit representations, such as DyLiN, offer limited flexibility. Building upon the
advantages of explicit scene representations, this chapter introduces Controllable
Gaussian Splatting (CoGS), a framework leveraging 3D Gaussian Splatting. By
explicitly representing scenes through 3D Gaussians, CoGS enables straightforward
and precise manipulation of dynamic elements without relying on dense supervision

or pre-labeled control signals.

4.1 Introduction

Recent methods such as Neural Radiance Fields (NeRF) [36] have dramatically
advanced our ability to reconstruct static 3D scenes, yet extending these methods
effectively to dynamic scenes remains challenging. Implicit representations, such as
those used by NeRF, complicate direct manipulation of scene elements, particularly
in dynamic settings, as they require intricate mechanisms to represent time-varying
geometries.

In contrast, explicit scene representations such as 3D Gaussian Splatting (3DGS)

[21] and its variants significantly simplify the manipulation of scene elements by
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directly modeling geometry and appearance using explicit 3D Gaussians. While
Chapter 2 introduced the foundational aspects of Gaussian Splatting, here we ex-
plicitly extend this representation to dynamic scenes and introduce intuitive control
mechanisms that enable direct, fine-grained manipulation without dense supervision
or pre-labeled control signals.

We propose a novel framework that adapts GS for dynamic environments captured
by a monocular camera, integrating control mechanisms that allow for intuitive and
straightforward manipulation of scene elements. This development addresses the
limitations of prior methods in terms of computational complexity and challenges in
scene manipulation due to their implicit representation. By leveraging the explicit
3D Gaussian representations and combining them with advanced control techniques,
our method opens new avenues for real-time, high-fidelity scene rendering and manip-
ulation, particularly relevant in fields such as virtual reality, augmented reality, and

interactive media.

4.2 Related Works

This work builds upon prior efforts in both dynamic and controllable scene synthesis.

The challenge of creating editable or re-animated dynamic scenes has primarily
been explored within the NeRF framework. Methods like CoNeRF [20] have shown
impressive results by introducing manually labeled control signals into a hyperspace
framework to manipulate the rendered scene. However, a significant limitation of
these approaches is their reliance on pre-computed or labeled control signals and
masks. This requirement stems from the implicit nature of the neural radiance field
and restricts their practical application.

Our work instead leverages the explicit nature of 3D Gaussian Splatting (3DGS),
as discussed in Chapter 2. While concurrent research has successfully extended
3DGS to dynamic scenarios by adding networks to model motion , these approaches
often follow paradigms from dynamic NeRFs and do not fully exploit the explicit
structure of the Gaussians for scene manipulation. This thesis introduces a method for
dynamic and controllable GS that takes full advantage of the explicit representation

to overcome the supervision requirements of previous controllable methods.
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Figure 4.1: CoGS Overview. CoGS consists of two parts: Dynamic GS and Control-
lable GS. For Dynamic GS, an offset is learned for (u, C, R, S) by separate MLPs
(only one shown in figure). To extend to controllable scenarios, signals extracted from
the dynamic model are used to obtain attribute offsets, which are then masked to
affect the desired control region.

4.3 Methods

In order to realize controllable GS, it is essential to first establish a GS framework
capable of modeling dynamic scenes. This chapter is dedicated to unfolding this
process in two distinct phases: initially, we introduce the concept and methodology
of dynamic GS. Subsequently, we build upon this foundation to evolve these methods
into a controllable framework, thereby enhancing their adaptability and applicability

in dynamic scene modeling.

4.3.1 Dynamic Gaussian Splatting

To represent dynamic scenes and enable fine-scale attribute control, we begin with
the differentiable Gaussian rasterization pipeline proposed by Kerbl et al. [21], which
we previously detailed in Chapter 2.

Our approach bridges the gap to dynamic scenarios by learning independent
deformation networks for each parameter. Additionally, we introduce multiple losses
to maintain geometric consistency across time. The pipeline overview is presented in

Fig. 4.1, with the dynamic component highlighted in red.
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We initialize a set of 3D Gaussians from a Structure from Motion (SfM) [52]
point-cloud (or randomly selecting N points within the scene box), each defined
by the same parameters as in Chapter 2. For the first 3000 iterations, our focus
is exclusively on learning the static elements within the scene. This deliberate
emphasis on stabilizing the static portions proves to be crucial for achieving high
performance on the dynamic reconstruction. Establishing a robust static foundation
lays the groundwork for a more accurate reconstruction of dynamic elements. During
this phase, the deformation network (green MLP) does not update any parameters.
Instead, these 3D Gaussians adhere to the same differentiable rasterization pipeline
as covered in Chapter 2.

In the subsequent phases, the deformation network is employed to update each
parameter, tailoring them to the dynamic scene. Although not explicitly depicted in
Fig. 4.1, we learn j separate networks, one for each parameter. For (u;, C;, Rj, Si),

we have a network NN, such that:
Nj(,ui,t) = (Aﬂi,ACi,ARi,ASi), (41)

where t is the current time step. Different from [73], we also learn an offset for color
to account for any changes that may occur over time (e.g. shadows and reflections).
The outputs from these networks are then added to the corresponding parameters,
and the differentiable rasterization pipeline proceeds.

Learning offsets alone results in a method that is unaware of consistent trajectories
and accurate movement. Thus, we employ our multiple regularization losses to further
constrain this difficult problem.

For each time step, the mean of the normalized predicted position offsets (Ap) is
computed to ensure their consistency with one another. Specifically, we use this to

localize position offsets.
N
norm 1
o = =3 ). (1.2
i=1

As shown in Fig. 4.2, the trajectories of static portions of the scene tend to stabilize
with the addition of this loss.

After 15000 iterations, we enforce the remainder of our losses. Specifically, a local

difference loss, denoted as £3, is used to ensure the movement, or trajectory, for
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Figure 4.2: Lego synthetic scene visualized as a pointcloud of colored Gaussian centers.
The smaller and fewer colored lines indicate less change in position over time. Adding
L™ gtabilizes the static Gaussian’s positions. (a) Without £°™. (b) With £,

each Gaussian is consistent with its neighbors over time. This loss is formulated as

follows:

L35 = pge = miell = lpige-1 — mieall] - (4.3)

Here, p; j, represents the position of a nearest neighbor Gaussian j to Gaussian ¢ at
time ¢. Similarly, p;, is the position of Gaussian ¢ at time ¢, and analogous notation
is used for the time step t — 1.

The overall local difference loss is then defined as the average over all Gaussians

and their k-nearest neighbours:

. 1 :
e el oY it (4.4)

1€G jeknn,,y

Demonstrated in Fig. 4.3a, this loss yields a much more consistent dynamic represen-
tation when compared to without it as shown in 4.3b.

The next two loss functions are directly taken from [32], for more in depth details,
please refer to their paper. Each of these losses are assigned a weight through an

unnormalized Gaussian weighting factor:

wig = exp (=Awllttzo — pioll2) (4.5)

The distance between each Gaussian’s position is computed at the first time step,
and then it is fixed for the remaining part of the sequence. In doing this, each of the
following losses are explicitly locally enforced.

Using this weighting scheme, a local-rigidity loss is employed, denoted as £,
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Figure 4.3: Jumping Jack synthetic scene visualized as a pointcloud of colored
Gaussian centers. The smaller and fewer colored lines indicate less change in position
over time. Adding L4 stabilizes the 3D Gaussian’s trajectories. (a) Without £4f.
(b) With L4,

defined as follows:

L7 = w; || (-1 — pig—1) — Rigo1 R (e — il (4.6)

£rigid P G|Z Z £ree, (4.7)

i€G jeknn,y,
This loss ensures that for each Gaussian 4, neighboring Gaussians j should move in a
manner consistent with the rigid body transform of the coordinate system over time.
Additionally, we incorporate a rotational loss £™' to maintain consistency in

rotations among nearby Gaussians across different time steps. This is expressed as:

Lot — Z Z w;

'LGG j€knn,,y

QJ,tq]t 1 q’Ltqzt 12, (4.8)

where ¢ is the normalized quaternion rotation of each Gaussian. The same k-nearest
neighbors are used, as in the preceding losses.
Each of the described losses is critical to success at dynamic scene reconstruction,

as there exist multiple facets that require precise constraints.

4.3.2 Controllable Gaussian Splatting

Having established the framework for dynamic GS, we can now extend it to accom-

modate controllable scenarios as shown in Fig. 4.1. This extension is facilitated by its
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explicit, Gaussian-based representation. The comprehensive pipeline of our approach

comprises four key steps:

1. Building a Dynamic GS Model: As previously discussed, this foundational

step establishes the groundwork for subsequent extensions.

2. 3D Mask Generation: This step involves translating two-dimensional mask
data into a three-dimensional context, bridging the gap between simple rep-
resentations and complex spatial models. The 2D mask is either annotated

manually quite easily or automatically inferred by existing methods.

3. Control Signal Extraction: A pivotal phase where control signals are identi-
fied and extracted manually or automatically from explict Gaussian sets, serving

as the primary drivers for scene manipulation.

4. Control Signal Re-Alignment: The final phase, which entails adjusting and
aligning the control signals to ensure their seamless integration and responsive-

ness within the dynamic model.

In the following sections, we will explore the details of the last three steps,
elucidating their roles in enhancing the overall efficacy and controllability of our

dynamic GS.

3D Mask Generation

To delineate the controllable set of Gaussians, we introduce a mask vector m; € R
for each Gaussian, where L denotes the number of attributes to be controlled. The
straightforward approach of selecting these in 3D introduces two major challenges:
the complexity of manually labeling Gaussian positions for each attribute and the
difficulty in achieving an exact fine-grained boundary for the 3D point set, potentially
leading to control artifacts.

Addressing these challenges, we propose an effective method to obtain the mask
vector m. We start by acquiring K 2D masks for the 2D frames, where K can vary
from all frames (for scenarios with available automatic mask generation methods
like face recognition [77], as illustrated in Fig. 4.6d) to a single frame (which can be
manually labeled, as demonstrated in Figs. 4.6a & 4.6b & 4.6¢). After the 2D mask
acquisition, we perform a 2D-to-3D mask projection. A practical method involves

associating the 3D point with the corresponding 2D pixel, utilizing depth maps and
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camera poses as in [32]. However, this method falls short of attaining the fine-grained
boundary of the controllable part due to the splatting process 2.2.3.

Therefore, we suggest a learning process to obtain the mask vector for each
Gaussian. We allocate a learnable mask tensor m; € R to each Gaussian and
implement a softmax operation to normalize the sum of the tensor to 1, aiming for a
categorical distribution. For rendering the 2D mask M from the 3D m;, we use the
same GS equation, referred to as Eq. 2.2, employing the same point u, rotation matrix
R, and scaling matrix S, except that we set the color for each Gaussian as a constant
(1), and take the mask tensor as opacity. This rendered 2D mask is supervised using
the ground-truth mask. Importantly, rather than enforcing an exact match between
the rendered and ground-truth masks for each control area, we focus on ensuring
that the rendered mask has no impact (is black) on other control areas as in Eq. 4.9,
significantly reducing artifacts at the boundaries. M; is the rendering 2D mask for the
1th attribute and Migt is the corresponding ground truth. Here we want the rendering
mask M; to ideally be black on other controllable areas so as to make no effect on
these parts.

L L L
Lo =YL= — > M- Y M (4.9)
i=1 j=1,j#i J=1,5#i

In this step, we maintain all other learnable weights and tensors, except for the

mask tensor, as fixed.

Control Signal Extraction

Our method uniquely eliminates the need for pre-computed control signals, signif-
icantly expanding its range of applications. This is accomplished by unsupervised
learning of the control signal directly from the Gaussians. The first step involves
selecting a set of Gaussians, denoted as G, which represents movement within the
control part, as indicated by the previously learned mask m. This set G can be either
manually selected in 3D or automatically based on movement trajectories, such as
by choosing the set of points p with the largest movement distance. The size of this
Gaussian set G can be as minimal as a single Gaussian.

Utilizing the explicit representation of GS, we calculate the centroid c of the

points in G and trace its movement trajectory. We employ a simple linear model for
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trajectory analysis, although more complex models are feasible. Principal Component
Analysis (PCA) is applied to determine the primary movement direction, denoted as
d. The positions of the Gaussian (means) p are then projected onto this direction d

at each timestep ¢, as shown in Eq. 4.10:

(Mt—c)'d'

T (4.10)

projq(ue) =

This projection enables us to define the start and end points, s and e, along the
movement direction. Subsequently, the distances of all points from the start point
s are normalized to a range between 0 and 1, resulting in our control signal o, as

expressed in Eq. 4.11:

O'( ) _ projd(ﬂt) — pI‘Ojd(S>
V" projy(e) — projy(s)

(4.11)

This process culminates in the control signal o, enabling dynamic scene manipu-

lation.

Control Signal Re-Alignment

After obtaining the control signal o, the next crucial step is its integration into
the network to facilitate manipulation using these signals. This is accomplished
by developing a unique network Nf for each control signal, designed to output the
corresponding offset A for each Gaussian attribute, as determined in the dynamic
modeling stage. Let p;, C;, R;, and S; denote the mean, rotation, and scaling of each
Gaussian, respectively. The control network N modifies these attributes in response
to the control signal:

N¢(0) = (Ap;, AC;, AR;, AS;) (4.12)

(2

In this phase, the focus is solely on training these control signal networks /N;,
while keeping all other learnable parameters O fixed.

Upon achieving reliable estimates for the attribute offsets Au;, AC;, AR;, AS; of
each Gaussian, we move towards the end-to-end fine-tuning of all learnable parameters.

This all-encompassing fine-tuning is crucial for completing our controllable GS model.
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The final model (represented by f) is formulated as:

This final step guarantees precise and effective control over dynamic scene render-

ings.

4.4 Experiments

0 blue ball control 1

green ball control

1

Figure 4.4: Control blue ball and green ball separately.

0 trunk control 1
T aTR TR oI s TR

Figure 4.5: Opening the hood and the trunk of the toy car.

hood control

In this section, we present the experiments conducted to demonstrate the effec-

tiveness of our method in dynamic and controllable scenarios.
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(a) (b) () (d)

Figure 4.6: 2D mask labeling. (a)-(c) Manually labeling a single frame. (d) Automatic
labeling using facial key-point detection.

Table 4.1: Quantitative results on synthetic dynamic scenes. We color code the results
as best (red), second best (orange), and third best (yellow).

Method PSNRt SSIMt LPIPS| (100x)
NeRF [36] 18.98 0.870 18.25
DirectVoxGo [55]  18.64  0.853 16.88
Plenoxels [12] 20.24  0.868 16.00
T-NeRF [46] 29.50 0.951 7.88
D-NeRF [46] 30.44 0.952 6.63
TiNeuVox-S [11] 30.75 0.955 6.63
TiNeuVox-B [11]  32.67  0.972 425
3D GS [21] 23.07  0.928 8.22
Ours 37.90 0.983 1.74
Ours, w/o £™™ 3741  0.984 1.70
Ours, w/o L4 37.68  0.982 1.65
Ours, w/o L8 37.75 0.981 1.71

4.4.1 Datasets

To evaluate our dynamic model, experiments were conducted on two categories of
dynamic scenes: synthetic and real. Additionally, the performance of our controllable
model was assessed on a synthetic scene, real face scene, real dynamic scene, and a
self-captured toy car scene.

Synthetic Scenes. We employed the 360° dynamic synthetic dataset introduced by
[46], comprising 8 animated objects with complex geometries and non-Lambertian
materials. Each scene in this dataset includes 50 to 200 training images and 20 test
images, all at an 800 x 800 resolution.

Real Scenes. Four topologically diverse scenes from [43] (torchocolate, cut-lemon,
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Table 4.2: Quantitative results on real dynamic scenes. We color code each row as
best , second best , and third best .

Method PSNRt SSIMt LPIPS (100x)
NeRF|[36] 223 0.807 43.3
NV[31] 26.3  0.910 20.9
NSFF[28] 257 0.881 24.8
Nerfies[42] 29.3 0.948 17.6
HyperNeRF[43]  20.8  0.954 17.2
TiNeuVox-S[11] 23.6 0.690 54.5
TiNeuVox-B[11]  28.0  0.752 45.1
3D GS [21] 221 0.724 43.8
Ours 29.6 0.950 17.1
Ours, w/o £™™  29.1 0.905 20.1
Ours, w/o L4 29.8  0.912 19.8
Ours, w/o £18d 294 0.920 21.3

chickchicken, and hand) were used. These scenes were captured using a rig consisting
of two Google Pixel 3 phones mounted approximately 16cm apart on a pole.

Real Face Scene. For controllable model testing, we utilized a real face scene
from [20] (involving actions like closing/opening the eyes/mouth). This scene was
captured with either a Google Pixel 3a or an Apple iPhone 13 Pro. Unlike CoNeRF,
which requires pre-defined control signals and masks, our method achieves comparable
controllability without such prerequisites.

Toy Car Scene. We also ran experiments on two self-captured Toy Car scenes. The
capture process involved manually opening the regions of control (doors, hood, trunk,
etc.) and recording one video per transition. Once the transitions were completed,
we stitched the individual videos together to create a single cohesive dynamic scene.

This scene was captured with an Apple iPhone 13 Pro.

4.4.2 Implementation Details

For the training of the dynamic component, we adopted the differential Gaussian
rasterization technique from 3DGS [21], and implemented the additional network

components using PyTorch [44]. The Gaussians were initialized either using SfM
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S (e) Ours

Jumping (a) Ground  (b) D-NeRF ) TiNeuVox  (d) 3D-G
Jacks Truth [46] [11] [21]
i ) Ground (g) D-NeRF  (h) TiNeuVox (i) 3D-GS (j) Ours
Standup Truth [46] [11] [21]

Figure 4.7: Qualitative results on synthetic dynamic scenes. We compare our Dynamic
3D-GS method (Ours) with the ground truth, D-NeRF, TiNeuVox, and the static
3D-GS method.

) Ground b) HyperN- TlNeuVox 3D GS ) Ours
Cut Lemon Truth eRF [43]
Chick ) Ground (g) HyperN- ) TiNeuVox ) 3D-GS ) Ours
Chicken Truth eRF [43] [11] [21]

Figure 4.8: Qualitative results on real dynamic scenes. We compare our Dynamic
3D-GS method (Ours) with the ground truth, HyperNeRF, TiNeuVox, and the static
3D-GS method. For Cut Lemon, our method models the knuckles on the hand better
than others. As for Chick Chicken, we reconstruct more fine details (red edges).

results or by randomly selecting N points (where N = 10k in our experiments)
within the scene box. The initial phase of 3k iterations does not involve learning
any deformation field; this phase is akin to the training process of 3D GS, aiding
in the convergence of the learning process. Following this, we jointly train the 3D
Gaussian attributes and the deformation network for a total of 50k iterations. The
learning rate for each Gaussian attribute is kept consistent with that used in 3D
GS, as detailed in [21], while the learning rate for the deformation network is set to

exponentially decay from le — 3 to le — 6.

In the controllable part, the learning rate is set to 1 for the initial 1k iterations
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during the 3D Mask Generation phase. During the Control Signal Re-Alignment
phase, we apply an exponential decay of the learning rate from le — 2 to le — 4
over bk iterations, specifically for training the control signal networks. For the final
end-to-end finetuning, the learning rate is set to le — 6, and the process is run for an
additional 5k iterations. Optimization throughout these processes is performed using
the Adam optimizer [22] with a 8 value range of (0.9,0.999). All experiments were
conducted using single 80GB NVIDIA A100 GPUs.

4.4.3 Results

We show the qualitative and quantitative results in this section to demonstrate
the effectiveness of our method. We use Peak Signal-to-Noise Ratio (PSNR) [18§]
in decibels (dB), the Structural Similarity Index (SSIM) [40, 68] and the Learned
Perceptual Image Patch Similarity (LPIPS) [78] as evaluation metrics. All detailed

results for each scene can be found in the supplementary material.

We first show our dynamic GS modeling part. We compare our method with
existing works using dynamic synthetic scenes from [46] on the novel view synthesis
task. We report the quantitative results in Table 4.1 and we can see that our method
can achieve much better performance than existing methods. The qualitative results
are shown in Fig. 4.8 and we can see that our method has better face and hand details.
For the real scenes from [43], we run interpolation experiments as in [43] instead
of the novel view synthesis task because of the rendering pose problem mentioned
in [73]. We show our results in Table 4.2 and Fig. 4.8. We can see that our method
can capture better details on complex real dynamic scenes. We also perform ablation
experiments on the regularizations we utilize as shown in Table 4.1 & 4.2. To better

illustrate the role of the regularizations, we also visualize the trajectories in Fig. 4.3.

For the controllable GS, we use four datasets (bouncingball, torchocolate, face
and car) and first fit a dynamic GS on them. Then we obtain the labels as shown in
Fig. 4.6. For the eye scene, we manually select the point set as the control points,
and for other scenes, we get the point sets automatically from the point movement as
mentioned before. We also visualize the control results to demonstrate our method’s

performance.
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0 chocolate control 1

torch control

Figure 4.9: Controlling the blowtorch and the melting chocolate separately.

4.5 Conclusion

We presented Controllable Gaussian Splatting named CoGS, a novel method for
dynamic scene manipulation. It overcomes the limitations of NeRFs and similar
neural methods by using an explicit representation that enables real-time, controllable
manipulation of dynamic scenes. Our approach, validated through extensive experi-
ments, shows superior performance in visual fidelity and manipulation capabilities
compared to existing techniques. The explicit nature of CoGS not only enhances
efficiency in rendering but also simplifies scene element manipulation. It has the
potential to democratize 3D deformable content creation using commodity hardware,
making it more accessible and feasible for a broader range of users and applications.

Our method is not without limitations. CoGS faces challenges with shiny or
intricately lit objects, common in GS pipelines. Dynamic modeling may struggle with
non-rigid deformation and large-scale movements in monocular settings. Limitations
may also arise from controllable signal extraction and re-alignment, with the current
PCA method potentially struggling with highly complex movements. Addressing

these limitations will be the focus of future work.
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0 mouth control 1 0 right eye control 1

<

eye control
left eye control

Figure 4.10: Fine-grained facial control. (a) shows independent control of eyes and
mouth. (b) demonstrates independent control of each eye.
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Chapter 5

Gaussian Splatting Lucas-Kanade

CoGS significantly advances control over dynamic scenes, yet its performance, along
with other explicit methods, often deteriorates in settings with static or near-static
camera movement. In these cases, insufficient parallax creates inherent geometric
ambiguities. Existing methods struggle to accurately reconstruct and track scene
geometry under these conditions. Addressing this critical limitation, this chapter
introduces Gaussian Splatting Lucas-Kanade (GS-LK), a hybrid approach integrating
Gaussian Splatting with classical optical flow techniques inspired by the Lucas-
Kanade algorithm. GS-LK explicitly enforces geometric consistency and robust

motion tracking, even under challenging monocular or low-parallax conditions.

5.1 Introduction

The task of reconstructing dynamic 3D scenes from monocular video presents a
significant challenge, particularly when constrained by limited camera movement.
This limitation results in a lack of parallax and epipolar constraints, which are crucial
for accurately estimating scene structures [14, 52]. Implicit neural representation
methods like NeRF have shown promise in mitigating this issue by modeling dynamic
scenes using an implicit radiance field [8, 28, 36]. Explicit approaches like Gaussian
splatting [21], while more efficient and often improve rendering quality, face additional
hurdles. Gaussian splatting relies on an explicit representation of the scene using

volumetric Gaussian functions. This necessitates a high degree of accuracy in geometric
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understanding to ensure proper scene depiction. Consequently, despite advancements
in dynamic Gaussian splatting techniques, the requirement for diverse viewing angles
to effectively constrain the placement of these Gaussians remains a limiting factor.
This inherent limitation restricts their effectiveness for capturing scenes from static
viewpoints or dealing with objects exhibiting rapid and complex movements.

Recent Gaussian splatting frameworks for modeling dynamic scenes commonly
utilize a canonical Gaussian space as their foundation. This space is typically initial-
ized using Structure from Motion (SfM) [35] point clouds, with which each Gaussian
is assigned attributes that describe its position, orientation, and lighting-dependent
color. This canonical space acts as a reference point from which deformations are
applied to represent the dynamic scene at different time steps. The process of de-
forming the canonical space to depict the scene at a particular time step is achieved
through a warp field, often referred to as a forward warp field due to its function of
warping the canonical representation forward to a specific point in time. This warp
field is typically modeled using learnable Multi-Layer Perceptrons (MLPs) or offset
values, as seen in frameworks like DeformableGS [73] and Dynamic-GS [32]. These
approaches have laid the groundwork for dynamic Gaussian scene modeling.

Structural cues such as optical flow and monocular depth have been explored
to regulate the temporal transitions of Gaussians. However, imposing structural
constraints on a generic forward warp field, as seen in DeformableGS [73], is challenging.
Although many studies leverage depth and flow priors, they often fail to regularize
motion through the warp field, resulting in sub-optimal trajectories and insufficient
motion regularization. Additionally, employing time integration on an auxiliary
network to predict the velocity field can introduce computational overhead and lack
theoretical constraints. In contrast to this data-driven approach, we demonstrate that
it is possible to derive velocity fields directly from a generic warp field by adapting
the Lucas-Kanade method with a small motion constraint for Gaussian Splatting.
This allows for effective time integration for structural comparisons. By regulating
Gaussian motions through analytical velocity fields, we address the limitations of
data-driven structural regularizations, enabling continuous learning of the warp field
in a time domain without the need for additional learnable parameters.

In real-world captures, our approach outperforms state-of-the-art methods, in-

cluding other dynamic Gaussian techniques. We demonstrate that our warp field
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regularization accommodates deformations in complex scenes with minimal camera
movement, achieving results that are competitive with NeRF frameworks and en-
abling Gaussian splatting to model highly dynamic scenes from static cameras. To
summarize, our approach offers two key advantages:

Reduced Bias: Methods relying solely on data-driven learning of warp fields can be
biased towards the visible time steps, neglecting the overall movement of Gaussians.
Our method, applicable to forward warp field techniques, ensures accurate Gaussian
trajectories throughout the sequence.

Improved Tractability: The derived analytical solution for warp field velocities
provides greater tractability compared to directly supervising the flow field as the

difference in estimated deformations between consecutive frames.

5.2 Related Works

Neural Radiance Fields (NeRFs). NeRFs [36] have demonstrated exceptional
capabilities in synthesizing novel views of static scenes. Their approach uses a
fully connected deep network to represent a scene’s radiance and density. Since
its introduction, NeRF has been extended to dynamic scenarios by several works
(13,42, 43, 46, 56, 77]. Some of these methods leverage rigid body motion fields [42, 43]
while others incorporate translational deformation fields with temporal positional
encoding [46, 56]. Despite the advantages of NeRF and its dynamic extensions, they
often impose high computational demands for both training and rendering.

Gaussian Splatting. The computational complexity of Neural Radiance Fields
(NeRF) has driven the development of alternative 3D scene representation methods.
3D Gaussian Splatting (3DGS) [21] has emerged as a promising solution, leveraging
3D Gaussians to model scenes and offering significant advantages over NeRF in terms
of rendering speed and training efficiency.

While initially focused on static scenes, recent works [70, 73] have extended 3DGS
to the dynamic domain. These approaches introduce a forward warp field that
maps canonical Gaussians to their corresponding spacetime locations, enabling the
representation of dynamic scene content. DeformableGS [73] employs an MLP to
learn positional, rotational, and scaling offsets for each Gaussian, creating an over-

parameterized warp field that captures complex spacetime relationships. 4DGaussians
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[70] further refine this approach by leveraging hexplane encoding [5, 11] to connect
adjacent Gaussians. DynamicGS [32] incrementally deforms Gaussians along the
tracked time frame. Despite these advancements, existing dynamic 3DGS methods
struggle with highly dynamic scenes and near-static camera viewpoints. To overcome
these limitations, we propose a novel approach that grounds the warp field directly
on approximated scene flow.

Flow supervision. Optical flow supervision has been widely adopted for novel
view synthesis and 3D reconstruction. Dynamic NeRFs [8, 25, 27, 28, 56, 60] have
explored implicit scene flow representation with an Invertible Neural Network, semi-
explicit representation from time integrating a learned velocity field, and explicit
analytical derivation from the deformable warp field. Flow-sup NeRF [60] pioneered
the use of analytical flow supervision in NeRF, laying the foundation for more precise
and physically grounded modeling of dynamic scenes.

Several Gaussian Splatting works have begun exploring flow supervision. Motion-
aware GS [17] applies flow supervision on the cross-dimensionally matched Gaussians
from adjacent frames, without explicitly accounting for the flow contributions of
Gaussians to each queried pixel. Gao et al. [15] on avatar rendering apply flow
supervision for adjacent frames after rendering the optical low map with a-blending
[59]. However, while these approaches introduce data-driven flow supervision, they
do not effectively regularize the motion through the warp field, leading to suboptimal
trajectories and insufficient motion regularization. This limitation makes them
suitable only for enforcing short-term geometric consistency, while their performance
deteriorates for out-of-distribution time steps [1, 26]. In the context of dynamic
Gaussian Splatting, we propose to regularize the deformable warp field through
analytical time integration to ensure consistent geometric relationships across time

steps.

5.3 Preliminary

Dynamic Gaussian Splatting. Our method builds upon the Dynamic 3D Gaussian
Splatting framework, which extends the static optimization pipeline detailed in
Chapter 2 to model time-varying scenes. The central paradigm is the use of a

canonical space, a static, time-independent 3D template of the scene.
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To model motion over time, we introduce a warp field F, which transforms
canonical Gaussians G into their deformed states at time ¢. The offset in Gaussian

parameters due to this transformation is expressed as:
0G = Fy(G,t). (5.1)

Typically, these deformed geometries are mapped through a neural network [32, 70, 73],
with optional color mapping applied as part of the transformation process. Following
deformation, a novel-view image I is rendered using differential rasterization with a
view matrix V' and target time £. While MLP-based deformation mapping often suffers
from overfitting to training views, leading to degraded novel-view reconstruction,
we address this by enforcing analytical constraints on the warp field. This ensures
Gaussian motions adhere to the expected scene flow field, mitigating the issues of

overfitting and SfM-initialized point cloud limitations.

Warp field expression with twist increments. Warp fields, previously defined
for point cloud registration tasks [1], can be used to model rigid transformations
between sets of Gaussian means. Let p,. € RM*3 and p, € RM2*3 represent the
target and source Gaussian means, respectively, where N7 and Ny denote the number
of Gaussians in each set. The warp field, which defines the rigid transformation
aligning the source Gaussian set to the target set in the special Euclidean group
SE(3), can be expressed as W(&) = exp (Zizl SHP,L).

Here, €& € RS are the twist parameters, and P are the generator matrices of
the group. The warp field is optimized by minimizing the difference between the

transformed source Gaussian means and the target means:
argénin loOV(€) - 1) = dlae.) ;5 (5.2)

where ¢ : RV*3 — RE is an encoding function that either explicitly extracts geo-
metric features such as edges and normals or implicitly encodes the Gaussian means
into feature vectors. The notation (-) represents the application of the warp field

transformation.

This optimization can be solved iteratively given the twist parameter Jacobian

matrix J, denoting the changes in the warp field concerning twist parameters, that
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can be further decomposed into a product of warp field gradient and the encoding

functional gradient as:

W) - m,) 9V H(E) - 1,)

T T e AW ®) )T

(5.3)

The optimization process iteratively learns the twist increment A& that best aligns

the encoded source Gaussian means with the target Gaussian means.

5.4 Gaussian Splatting warp field regularization

by scene flow

We investigate the problem of fitting deformable Gaussian Splatting from a monocular
video sequence. To initialize the process, we employ structure-from-motion methods to
set the canonical Gaussians and camera parameters. For a given set of 3D Gaussians
G at time t, the warp field deforms these Gaussians from their canonical positions to
their dynamic locations at time ¢t. Our goal is to find the optimal network parameters
0 for the forward warp field W,.,(G,t). This optimization aims to ensure that both
the derived scene flow 7;_>t+1 and the rasterized image ft closely match the expected

flow field T;_,;11 and the reference image Z;:

L= £color + *Cmotion - |-,ZA.t - It| + ‘

T T G4

The scene flow component can be further divided into optical flow and depth

estimations, corresponding to in-plane and out-of-plane motions. Consider a Gaussian

mean g = p(t) moving in the scene. Its instantaneous scene flow is ‘fi—’:. If the

corresponding pixel location on the image plane is u; = w;(t), the optical flow can
be expressed as the projection of the scene flow to the image plane, with % as the

instantaneous camera projective relationship:

dt  dp dt’

(5.5)

Deriving an approximation to the scene flow needs the expression reversed. We

can represent the relationship between g and w; with dependencies on time as
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Figure 5.1: Analytical scene flow from warp field. With canonical Gaussians G,
we transform them forward in time to G;, then perform time integration from warp
field velocities v(G;t) to derive G, a¢. The Gaussian offsets Gy an; — Gy are compared
to reference scene flow.

p = p(u;(t);t) [58]. By differentiating this mapping with respect to time, we obtain:

dt — Ou; dt  dt lu

(5.6)

This equation describes the motion of a point in 3D space while decomposing the

motion of a Gaussian in the world into two components. The in-plane component

dui
dt

the motion of p along the ray corresponding to u;. This decoupling allows us to

represents the instantaneous optical flow, while the out-of-plane term reflects

regularize the optical flow field and the depth field separately from the estimated

scene flow.

The scene flow regularization can thus be re-expressed as a combination of optical
flow loss applied over the interval of (¢ — At) and depth loss of Gaussians at (¢ + At),
where the next step Gaussians are analytically derived:
= Oécflow + ﬁ['depth' (57)

7;—>t+1 - 7;—>t+1

Lnotion(t) = |

Decoupling the motions alleviates the constraints on the supervision dataset and adds
flexibility to the optimization process. A visualization of the regularization pipeline

is provided in Fig. 5.1.
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Figure 5.2: (a) Visualization of Gaussians’ travel distance |[pt — p,||2. In both of the
scenes, the humans are stationary with dinosaur balloons moving around. Our result
correctly identifies the dynamic regions, whereas the baseline model forms motions in
the background and on supposedly stationary humans to compensate for photometric
correctness. (b) 3D visualization of the motion trajectories. Our result shows clean
trajectories from the waving balloon.

5.4.1 Forward warp field velocity

To address the challenge of transforming canonical Gaussians G over time, our goal is
to derive the velocity field from the forward warp field. Specifically, we seek to identify
a warp field W that advances the canonical Gaussians in time, with an underlying
velocity field v(G;t) that quantifies the changes in Gaussian parameters within the
world coordinate system at a specific time ¢. This derivation is conceptually similar
to that of twist Jacobians [1, 26] and the analytical warp regularization in NeRF [60],
effectively capturing continuous deformation over time.

In the context of Gaussian Splatting, the motion of Gaussians between two adjacent
frames is bijective because all Gaussians are transformed from the same canonical
space, creating a one-to-one correspondence among the Gaussians. Consequently, we
can compute the velocity field directly from the forward warp field W, (G,t). To
analytically derive the velocity field v(G;t), we must represent the gradient of the
warp field in relation to time and warp parameters. Assuming that the Gaussian
motions are small, we can utilize a modified Lucas-Kanade expression. By applying a
Taylor series expansion to the warp field, we decompose the velocity into two essential
components: the feature gradient of the warp field with respect to the corresponding

Gaussian parameter and the analytical warp Jacobian [1, 60]. This relationship is
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expressed as:

N dWc%(gat) - _16Wc—>(g§t)
w@it) = T = et (5.8)
8Wc—>(g;t

In this equation, the term ) indicates how each output Gaussian parameter

at
varies with respect to the input canonical Gaussian parameters. Meanwhile, Jg
describes how modifications in the warp field output influence the transformation
of the Gaussians. In practical scenarios, the warp Jacobian can face numerical
instabilities when det(Jg) < ¢, especially if the canonical Gaussian scene has not
yet stabilized. Discarding these unstable motions can negatively impact subsequent
densification and pruning processes. To mitigate these instabilities, we substitute the
inverse Jacobian Jg ! with the Moore-Penrose pseudoinverse Jg .

The derived expression is valid for any Gaussian parameter input into the defor-
mation network, provided the input and output dimensions are consistent. However,
given that the scaling terms and spherical harmonics of the Gaussians show minimal
changes between adjacent frames, we choose to omit these from the calculations for
improved efficiency. Summarizing, we compute the velocity fields corresponding to

the displacement and rotation of Gaussians as follows:

3Wc—>(ll'§ t)
ot

aWc—>(Q§ t)

L, (5.9)

v(p;t) = Jf ;ou(git) = JF

where v(pu;t) : R? x R — R3 and v(q;t) : R* x R — R* describe the positional and

rotational velocity of a Gaussian in the world coordinate, respectively.

5.4.2 Scene field from time integration

Time integration on the velocity field. Given the velocity field from equation
5.9, and 3D Gaussians G(t) observed at time step ¢, we can apply time integration
using a Runge-Kutta [3] numerical solver on the velocity field to obtain the offset
parameters for Gaussians at time (¢ + At) Specifically, we employ Monte Carlo
integration with a sampling size of 10 points over each domain, which provides an
efficient and well-balanced alternative to deterministic approaches. The integration is

formulated as:

g@+Aa:g@yﬁ/Hmmg@¢mp (5.10)
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We then train the warp field network, identical to the one outlined in [73], to minimize
the difference between the analytically derived scene flow, and the ground truth scene
flow decomposed into optical flow and depth describing the in-plane and out-of-plane

Gaussian motions.

Optical flow and depth rendering from Gaussians. For each Gaussian at
time ¢, we compute each of the corresponding positions and rotations at (t + At).
For rendering the optical flow and depth map, we consider the full freedom of each

Gaussian motion.

For rendering the optical flow map (;)t_>t+1, we want to calculate the motion’s
influence on each pixel u; from all Gaussians in the world coordinate. In the original
3D Gaussian Splatting, a pixel’s color is the weighted sum of the projected 2D
Gaussian’s radiance contribution. Analogous to this formulation, the optical flow can
be rendered by taking the weighted sum of the 2D Gaussians’ contribution to pixel

shifts, as derived in previous literature on flow regularization [15, 17]:

i—1

Ott41 = Lien0ioy H(l - O—’j) = E wi[Ei,tQEi_,tll(Utl - u‘i,tl) + M, — uh]a (5-11)
J=1 i=1

where O; denotes the optical flow of Gaussian G; over the time interval, and w; = ETlTO‘&

denotes the weighing factor of each Gaussian from a-blending.

Similarly, the frame’s z-depth estimates DHN can be rendered from the discrete

volume rendering approximation accounting for the per-Gaussian contributions:

i—1

Diar = Siendigoq [ [(1— ay), (5.12)

j=1

where d;;, denotes the z-depth value of analytically derived Gaussian G; from the
viewing space at (t + At). We normalize the optical flow and depth estimates for
numerical stability. The optical flow and depth maps are rasterized simultaneously in

the same forward pass with color.
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5.5 Experiments

In this section, we first provide the implementation details of the proposed warp field
regulation and then validate our proposed method on five dynamic scene datasets
captured with different levels of camera movements. Our method outperforms baseline
approaches in both static and dynamic camera settings, achieving state-of-the-art
results in quantitative and qualitative evaluations.

novel view depth ground truth depth novel view

Deformable GS: w/o scene flow Ours: with scene flow

Figure 5.3: Qualitative comparisons on the Dynamic Scenes dataset. Com-
pared to the baseline method, our approach can achieve superior rendering quality
on real datasets with lower EMF's.

5.5.1 Implementation details

We implement the warp field using PyTorch [44], leveraging its Autodiff library

for gradient and Jacobian computations. The framework is optimized with Adam [22]
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as with 3DGS [21] on a NVIDIA A100 Tensor Core [39]. We use the Torchdiffeq
[7] library for numerical integration. Modified from Deformable GS, the inputs to the
warp field include 3D Gaussian positions (), time (¢), and 3D Gaussian rotations
(q) in quaternions. Velocity derivations are enabled by removing the stop gradient
operation from the network inputs. Positional encoding [36] is applied to extend

inputs’ frequency band [79].

5.5.2 Evaluation

Here we analyze the performance of our method quantitatively and qualitatively.
We aim to study if the analytical scene flow regularization on the warp field helps
disambiguate the dynamic scene geometry and promote the reconstruction of low
EMEF' scenes.

Benchmarked datasets. We evaluate our method using real-world monocular
datasets with varying camera motion. These include DyCheck dataset [14], captured
with handheld monocular cameras; Dynamic Scene [74], captured by a stationary
multi-view 8 camera rig with significant scene motion; Plenoptic Video [26], captured
using a static rig with 21 GoPro cameras [16]; Hypernerf [43], which captures objects
with moving topologies from a moving camera, suitable for quasi-static reconstruction;
and sequences from DAVIS 2017 [45] dataset containing near-static monocular videos.

Quantitative baseline comparisons. We evaluate our method’s novel-view
synthesis capabilities on Plenoptic Videos, Hypernerf, Dynamic Scenes, and DyCheck,
ordered by decreasing Effective Multi-view Factor (EMF) [14]. These datasets present
increasing challenges, with DyCheck posing the greatest difficulty due to its low
EMF and unreliable object motion. We first assess our method on Hypernerf and
Plenoptics with higher EMFs against recent methods 3DGS [21], Deformable GS
[73], 4DGaussians [70], and MA-GS [17]. We report the standard metrics LPIPS [78],
SSIM [68], and PSNR [69] in Table 5.5 and 5.4. We see that our method consistently
outperforms these Gaussian baselines on scenes with higher EMFs.

To further assess our method’s performance on monocular sequences with lower
EMFs, we evaluate its performance against recent methods Marbles [54], NSFF
[28], NR-NeRF [56], Nerfies [42], and Flow-supervised NeRF [60], see Table 5.1

and 5.2. These comparisons highlight the effectiveness of our analytical scene flow
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Table 5.1: Quantitative evaluation of novel view synthesis on the Dynamic
Scenes dataset. See Sec. 5.5.2 for descriptions of the baselines.

method Playground Balloonl Balloon2 Umbrella
‘ PSNR 1+ SSIM t LPIPS | ‘ PSNR + SSIM 1t LPIPS | ‘ PSNR + SSIM t LPIPS | ‘ PSNR 1+ SSIM t LPIPS |
NSFF 24.69 0.889 0.065 24.36 0.891 0.061 30.59 0.953 0.030 24.40 0.847 0.088
NR-NeRF 14.16 0.337 0.363 15.98 0.444 0.277 20.49 0.731 0.348 20.20 0.526 0.315
Nerfies 22.18 0.802 0.133 23.36 0.852 0.102 24.91 0.864 0.089 24.29 0.803 0.169
(w flow) 22.39 0.812 0.109 24.36 0.865 0.107 25.82 0.899 0.081 24.25 0.813 0.123

Flow-sup. NeRF 16.70 0.597 0.168 19.53 0.654 0.175 20.13 0.719 0.113 18.00 0.597 0.148

Deformable GS 24.82 0.646 0.343 22.40 0.833 0.137 24.19 0.818 0.153 22.35 0.711 0.186
4DGaussians 21.39 0.776 0.204 24.48 0.849 0.144 24.72 0.801 0.219 21.29 0.560 0.332
Ours 26.34 0.756 0.184 26.35 0.848 0.133 25.89 0.911 0.151 23.02 0.746 0.176

Table 5.2: Quantitative results on the Table 5.3: Quantitative results for the

DyCheck dataset. Deformable GS method.

Method ‘ Apple Spin Block Teddy Paper Method ‘ PSNR 1 SSIM 1 LPIPS |
‘Windmill

DefGS w/ flow 20.97 0.690 0.31
NSFF 17.54 18.38 16.61 13.65 17.34 DefGS w/ depth 21.17 0.673 0.29
Marbles 17.57 15.49 16.88 13.57 18.67 DefGS w/ both 23.94 0.702 0.28
4D Gaussians 15.41 14.41 11.28 12.36 15.60 DefGS 24.82 0.646 0.34
Ours 16.03 16.71 15.46 13.60 17.41 Ours 26.34 0.756 0.18

Ours - pose refined 22.61 24.09 23.27 17.78 19.91

approach compared to other flow-guided rendering frameworks. Notably, our method
outperforms NSFF, which uses a similar supervision style but a different scene flow

derivation.

Table 5.4: Quantitative evaluation of novel view synthesis on the Plenoptic
Videos dataset. See Sec 5.5.2 for an analysis of the performance.

method ‘ cook spinach cut roasted beef sear steak Mean

PSNR 1+ SSIM t LPIPS | ‘ PSNR t SSIM 1 LPIPS | ‘ PSNR 1 SSIM 1+ LPIPS | ‘ PSNR 1+ SSIM + LPIPS |

Deformable GS | 32.97 0.947 0.087 30.72 0.941 0.090 33.68 0.955 0.079 32.46 0.948 0.085
4DGaussians 31.98 0.938 0.056 31.56 0.939 0.062 31.20 0.949 0.045 31.58 0.942 0.055
MA-GS 32.10 0.937 0.060 32.56 0.941 0.059 31.60 0.951 0.045 32.09 0.943 0.053

Ours 33.91 0.951 0.064 32.40 0.957 0.084 34.02 0.963 0.057 33.44 0.954 0.068

Comparisons with direct depth and flow Supervision. We note that it is es-
sential to understand the performance improvements over regularizing the deformable
network directly with depth and flow priors. We include ablation experiments with
Deformable GS supervised with depth and flow losses, see Table 5.3. The results
suggest that directly applying depth and flow regularizations encourages the scene to
overfit to training viewpoints, leading to degraded performance. With depth regu-
larizations, the scene geometries become more prominent, with a sacrifice in motion

smoothness. Regularizing offsets between two frames can enforce accurate piecewise
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Table 5.5: Quantitative evaluation Table 5.6: Ablation study on scene

on the HyperNeRF dataset. See flow decomposition in “Playground”

Sec. 5.5.2 for detailed explanations. from Dynamic Scenes. See Sec. 5.5.2
for design details.

Method | PSNR 1 SSIM + LPIPS |

3DGS 20.84 0.70 0.45 Method | PSNR 1t SSIM + LPIPS |
Deformable GS 26.47 0.79 0.29

4D Gaussians 26.98 0.78 0.31 w/ Depth Sup. 24.76 0.711 0.274
Ours 27.38 0.81 0.26 w/ Flow Sup. 24.37 0.695 0.229

Ours 26.34 0.756 0.184

motion but still cannot generalize well to the discontinued unseen viewpoints. In
Table 5.6, we ablate the analytical regularization and report the outcomes of the
scene. As shown, each of the scene flow components helps in achieving high-quality
synthesis. These ablation experiments reaffirm the validity of the proposed warp field
regularization.

Trajectories from scene flow fields. We visualize the scene flow trajectories
from Dynamic Scenes Dataset sequences to assess the quality and smoothness of
the derived flow field. The Gaussians are subsampled from the dynamic regions of
the canonical Gaussian space, and then time integrated to produce their respective
displacements across time, visualized as colored trajectories in Fig. 5.2. We note that
the trajectories are smooth and follow the expected motions of the dynamic objects.
The visualized trajectories of the sequences demonstrate the framework’s potential to
be extended for tracking in dynamic 3D Gaussian scenes.

Geometric consistency. Fig. 5.3 compares our method with Deformable
GS, which learns Gaussians’ time dependency without scene flow regularization.
While Deformable GS renders visually accurate novel views, the underlying scene
structures are inaccurate, leading to blurry dynamic objects and artifacts in depth
maps. Our method, leveraging analytical scene flow regularization, achieves more
accurate geometries, reflected in both visual and quantitative results (Table 5.1).
This also enables accurate Gaussian motion tracking (Fig. 5.2).

Static and dynamic motion separation. Our approach formulates defor-
mations within a canonical Gaussian space. To assess the fidelity of our method
in separating static and dynamic regions, we visualize the travel distance of each
Gaussian from its canonical projection to a queried viewing camera in Fig. 5.2. The
plots are color-coded by the absolute travel distance, with yellow indicating larger

distances and purple indicating smaller distances.
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o

SfM point
cloud

(a) Unstable reconstruction when SfM fails to reconstruct (b) Inaccurate camera poses lead to degraded rendering.
dynamic region.

Figure 5.4: Our method struggles with insufficient point cloud initialization due to
reliance on non-rigid warping of scene geometry. In the “skating” scene, this results
in unstable geometry at certain angles. Inaccurate camera calibrations also degrade
our method, as shown in the “toby-sit” sequence, where miscalibration distorts the
scene geometry.

In the Playground scene featuring human-object interactions, the visualized
travel distance is greatest at the far-side boundaries of the moving object as it
recedes from the human. The scene’s background is correctly rendered as static with
minimal motion. This visualization demonstrates the effectiveness of our method in
accurately identifying dynamic regions. Moreover, these results suggest promising
future directions for optimizing dynamic scene rendering by filtering out static regions

from the optimization process, potentially reducing computational costs.

5.6 Limitations

Sensitivity to SfM Initialization: Our approach is sensitive to the quality of the
Structure-from-Motion (SfM) Gaussian space initialization. Accurate initialization
is crucial for 3D Gaussian Splatting, particularly without other scene priors. As
shown in Fig. 5.4.a, reconstruction quality deteriorates when dynamic regions have
insufficient initialized points.

Camera Parameter Sensitivity: Our method is sensitive to inaccuracies in
bundle-adjusted camera intrinsic and extrinsic parameters. Errors in these param-
eters lead to inaccurate rasterization projections, causing noisy geometry or failed
reconstruction, as shown in Fig. 5.4.b.

Computational Complexity: The pseudo-inverse operation for velocity field

computation requires (N x d) square matrix decompositions, where N is the number
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of Gaussians, and d is the number of Gaussian parameters. Potential mitigations

include optimized implementations or pre-filtering to remove static Gaussians.

5.7 Conclusion

This chapter presents a method for incorporating scene flow regularization into
deformable Gaussian Splatting. We derive an analytical scene flow representation,
drawing upon the theoretical foundations of rigid transformation warp fields in point
cloud registration. Our approach significantly enhances the structural fidelity of the
underlying dynamic Gaussian geometry, enabling reconstructions of scenes with rapid
motions.

Comparison with other Deformable Gaussian Splatting variants demonstrates that
regularizing on the warp-field derived scene flow produces more accurate dynamic
object geometries and improved motion separation due to its continuous-time regular-
ization. Additionally, comparison with flow-supervised NeRFs reveals the advantages
of using Gaussians’ explicit scene representations.

While our method exhibits limitations as discussed in the previous section, the
accurate geometries learned from dynamic scenes open up promising possibilities for
future applications, including 3D tracking from casual hand-held device captures and

in-the-wild dynamic scene rendering.
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Chapter 6

Distractor-Free 4D Gaussian

Splatting

GS-LK reduces geometric ambiguities caused by limited camera motion and monocular
inputs, improving both reconstruction and tracking. However, this only addresses
part of the problem. Many scenes contain ambiguity not in how they are observed,
but in what they contain. Transient objects, reflections, and occlusions are common in
real-world video and often interfere with reconstruction. While prior methods attempt
to handle such distractors, they assume the underlying scene is static and aim to
remove all dynamic content. This strategy fails when dynamic elements are actually
the subject of interest. In these cases, the challenge is not just to separate static from
dynamic, but to identify which motion is consistent and reconstructable and which
is transient and ambiguous. This chapter introduces FocusdDGS, an uncertainty-
aware extension of 4D Gaussian Splatting that addresses this problem directly. By
analyzing the stability of the learned motion field, FocusdDGS reconstructs dynamic
subjects while ignoring unreconstructable transients, enabling high-quality results in

unconstrained dynamic environments.

6.1 Introduction

Reconstructing 3D scenes from real-world video is a longstanding challenge in computer

vision. Despite substantial progress, one core difficulty remains. Real-world video
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is inherently unconstrained. Scenes often include transient objects, reflections, and
other forms of visual ambiguity that degrade reconstruction quality. Recent methods
aim to address this issue by disentangling the true scene from these distractors.

These approaches, whether based on implicit or explicit representations, typically
assume that the scene of interest is static. Their goal is to recover a clean background
by removing all dynamic elements, which are treated as noise. This assumption fails in
scenarios where dynamic entities are the actual subjects of interest. In such settings,
removing all dynamic content results in the unintended loss of key information and
prevents meaningful reconstruction.

This limitation highlights a gap in current methods. Existing techniques are
not equipped to reconstruct scenes that are fully dynamic while also containing
distracting motion. The core challenge is not just to separate static from dynamic
elements. Instead, the real need is to distinguish between motion that is meaningful
and consistent, and motion that is ambiguous and unstructured. Addressing this
challenge requires a change in perspective. Rather than removing motion entirely, we
must identify which parts contain recoverable structure and which do not.

We present Focus4DGS, a distractor removal framework designed to operate in
fully dynamic environments. It models uncertainty explicitly in order to separate
consistent motion that can be reconstructed from transient effects that cannot. The
method decomposes each scene into two complementary components. Core Gaussians
model the primary dynamic subject with high fidelity. Per-view Distractor Gaussians
account, for transient objects, occlusions, and regions with high uncertainty. An
uncertainty-aware optimization process guides this decomposition to ensure that the

main reconstruction remains stable, detailed, and unaffected by distractors.

Our main contributions are

¢ A new reconstruction strategy for unconstrained dynamic scenes that separates

reconstructable motion from unreconstructable motion

e A framework for uncertainty-aware 4D Gaussian Splatting based on a Core-

and-Distractor decomposition of the scene

¢ Empirical validation showing that our uncertainty-guided decomposition achieves
performance comparable to specialized baselines, highlighting its robustness

and generalizability.
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6.2 Related Works

6.2.1 Scene Representations

Consistent with prior chapters, we adopt 3D Gaussian Splatting (3DGS) [21] as the
foundational framework for scene representation. A detailed overview of this method
is provided in Chapter 2.

To handle motion in dynamic environments, we extend 3DGS following the
strategies outlined in Chapters 4 and 5. Existing dynamic extensions, such as 4D
Gaussian Splatting [70] and Deformable 3D Gaussians [73], typically address motion
by learning deformation fields that map Gaussians from a static canonical space
to time-varying positions. While effective, this canonical-to-deformed formulation
introduces new challenges. Highly dynamic or transient regions often interfere with
the reconstruction of nearby regions that exhibit more stable and coherent motion.

Addressing this interference is a central focus of the present chapter.

6.2.2 Handling Distractors

Recent research addresses the challenge of transient distractors within predominantly
static scene assumptions. Approaches generally fall into three categories based on
their distractor-handling strategies:

Photometric and Uncertainty-Based Methods identify distractors using
reconstruction error or predictive uncertainty. NeRF-W [33] separates the scene into
static and transient components and applies uncertainty-aware rendering to suppress
distractor influence. RobustNeRF [50] reframes the problem using robust statistics,
iteratively masking high-error regions to stabilize training.

Semantic Feature-Based Methods replace photometric cues with semantic
information from pretrained vision models. NeRF On-the-go [49] uses DINOv2-derived
features to isolate distractors in novel-view synthesis. Within the 3DGS framework,
SpotLessSplats [51] applies unsupervised clustering on text-to-image embeddings
to group transient elements. Robust 3D Gaussian Splatting [57] further enhances
masking by incorporating SAM-derived segmentations.

Decompositional Methods explicitly separate static and transient content
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into distinct representational layers. DeSplat [66] models static structure with global
Gaussians and transient phenomena with per-view splats. HybridGS [19] adopts a
similar strategy, combining persistent 3D Gaussians with view-specific 2D Gaussians
to handle distractors.

While these methods are effective in their respective contexts, they share a
common limitation. All assume that the scene of interest is static and aim to recover
a clean, singular reconstruction. Our work moves beyond this assumption. We
address the more complex problem of reconstructing dynamic scenes that also contain

unreconstructable dynamic content, a challenge that remains open in prior literature.

6.3 Method

To robustly reconstruct a dynamic scene in the presence of transient distractors, we
propose FocusdDGS. Our framework learns to decompose the scene into two distinct
geometric representations. A single, coherent set of dynamic Gaussians models
the primary subject, while separate, per-view sets of Gaussians capture transient
phenomena. Crucially, this decomposition is guided not by explicit masks but by an
uncertainty signal derived directly from the learned dynamics. An overview of the

full pipeline is shown in Figure 6.1.

6.3.1 Decomposed 4D Gaussian Splatting

Our method represents the scene with two distinct sets of 3D Gaussians, extending

the decompositional approach introduced for static scenes in DeSplat [66].

Core Gaussians The first component, the Core Gaussians G, models the stable
scene content, including the static background and the primary dynamic subject.
These Gaussians are defined in a canonical space and made dynamic via a learned
deformation field NV, implemented as an MLP. For a given canonical position u; and
time ¢, the MLP predicts deformation offsets:

29



6. Distractor-Free 4D Gaussian Splatting

Deformation Uncertainty
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Figure 6.1: Overview of the Focus4dDGS pipeline.

These offsets update the position, rotation, and scale of each Gaussian to reflect

its configuration at time ¢, enabling complex, non-rigid motion modeling.

Distractor Gaussians We adopt the formulation introduced in DeSplat [66], where
each training view maintains its own independent set of Distractor Gaussians Ggist
to model view-dependent transients such as occluders and regions of high uncertainty.
These Gaussians are initialized on a view-aligned plane and are not shared across
views.

Initialization. For each camera view n with camera-to-world rotation R,, and
translation t,,, we initialize K distractor Gaussians by sampling their positions on a

2D plane in front of the camera. Each distractor’s 3D location p, is computed as:

U
py;=t,— Rlu, where u= |pv|, wu,v~Uu0,1) (6.2)

p
Here, p is a small constant that defines the depth of the plane in front of the

camera (we use p = 0.02). The vector u is sampled in camera space and defines
distractor locations on a 2D plane. The color of each distractor is modeled as an RGB
vector ¢ € R3, without spherical harmonics, reflecting their purely view-dependent
nature.

Densification. Densification is also handled per view, following the strategy

from DeSplat. We apply Adaptive Density Control (ADC) [21] based on view-space
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gradient magnitudes, but only trigger updates for view n when a sample counter s,
exceeds a threshold S. This allows each view to independently grow or prune its
distractor set, preserving localized transient modeling without interfering with other

views.

Compositing Asin DeSplat [66], we render the core and distractor layers separately
and then combine them through alpha compositing. For each frame at time ¢, the

final image is computed as

Ccomp = Cdist + (1 - adist)ccore (63)

where cgi¢ and agi,; are the accumulated color and opacity of the distractor layer.
This ensures that distractor content correctly occludes the core scene where necessary,

producing a unified rendering for supervision.

6.3.2 Guiding Decomposition with Scene Dynamics

A standard photometric loss is insufficient to enforce a meaningful separation, as it
would encourage the powerful Core model G,.. to overfit to all visual phenomena.
To solve this, we introduce a dual-signal regularization strategy that leverages both
internal motion stability and external temporal consistency. This strategy creates a
principled handoff mechanism, ensuring that the Core Gaussians model only what
is stable and consistent, while offloading phenomena that are too challenging to the

per-view Distractor Gaussians.

Jacobian-Based Motion Uncertainty Our first guiding signal measures the
internal stability of the learned motion. We propose that unstable, chaotic, or
difficult-to-model motion corresponds to high sensitivity in the learned deformation
field, N'. We quantify this sensitivity by analyzing the Jacobian of the network’s
output with respect to its inputs.

For each Core Gaussian g;, we compute the Jacobian of the predicted offsets
(Ap;, Ag;, As;) with respect to the inputs (canonical position p; and time t). For

example, for the position offset Ay, the Jacobian Ja, is the matrix of partial
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Figure 6.2: Visualization of Jacobian-based motion uncertainty. In this scene, the
subject lifts a pair of weights, causing rapid arm motion. Due to their speed and
complex deformation, the arms exhibit high motion uncertainty, as captured by our
Jacobian-derived metric. Brighter regions indicate higher uncertainty, highlighting
areas where the deformation field is less stable and harder to model.

derivatives:

OAL
A, t)

Our uncertainty score is derived from the sample covariance of the Jacobian’s
rows. The rows of the Jacobian represent the gradients of each output dimension
with respect to the inputs; high variance among these gradients suggests an unstable
and unpredictable mapping. The uncertainty contribution from a single parameter

type (e.g., position) is the trace of this covariance matrix:

Usilg:) = Tr (Cov(Ja,)) (6.4)

The trace of a covariance matrix is equivalent to the sum of the variances of
its constituent variables, thus providing a measure of the total sensitivity of the
deformation. In practice, we compute this Jacobian using a stochastically perturbed

time input ¢ =t + € for a more robust local estimate.

The total uncertainty score for a Gaussian g; is the sum of the scores for each

parameter type:
U(9i) = Unan(9i) + Unq(9:) + Uns(9:) (6.5)

Figure 6.2 visualizes the per-gaussian uncertainty scores on a synthetic scene.
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Uncertainty-Guided Optimization Once high-uncertainty regions are detected,
the next step is to suppress their influence in the core model, encouraging a handover
to the per-view distractor model. This is achieved through a combined optimization
framework. We adopt the alpha-based regularization from DeSplat [66], which

encourages a sparse distractor layer (Ag|agis|) and an opaque core layer (Ag|1 — aore|):
Ealpha = )\3‘1 - acore‘ + >\d|adist| (66)

Given this, we introduce an uncertainty-aware regularizer that directly penalizes core
Gaussians for being both uncertain and opaque. This uncertainty loss is formulated

as:

Cunc - Z U(gz) * Qeore,i (67)

9i€Geore
This term creates a competition: a Gaussian can either have a stable motion field
(low U(g;)) or it must become transparent (1ow ciore;) to minimize the loss. This
explicitly enforces the suppress mechanism on unstable parts of the core model. As
a core region is suppressed, the photometric error in that area would increase. The
per-view distractor Gaussians, which are rendered on top, are then optimized to take
over and explain this residual appearance, thus completing the handover.

The final loss function combines these terms:
ﬁtotal = ﬁphoto + ﬁalpha + )\unc‘cunc (68)

This framework ensures that the Core Gaussians model only what is stable and
consistent, while systematically offloading transient or unreconstructable phenomena

to the per-view Distractor Gaussians.

6.4 Experiments

To validate FocusdDGS, we conducted a series of experiments on both synthetic and
real-world datasets. Our evaluation is designed to assess the framework’s ability to
distinguish between reconstructable and unreconstructable motion, thereby preserving

the integrity of the primary dynamic subject in unconstrained environments.
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6.4.1 Experimental Setup

Datasets. To evaluate our method, we use a combination of custom synthetic

datasets, designed to test our core hypothesis, and established real-world benchmarks.

(a) Bouncing Balls (b) Squatting

Figure 6.3: Example synthetic datasets.

As shown in Figure 6.3, our synthetic evaluation includes a Bouncing Balls
scene with both predictable and chaotic motion, and a Squatting scene where a
primary dynamic subject is occluded by a transient running person. For quantitative
comparison, we also use standard real-world static scene benchmarks where any

dynamic elements are considered distractors.

Baselines. We compare FocusdDGS against state-of-the-art methods tailored to
different conditions. For fully dynamic scenes, we compare against leading recon-
struction methods: Deformable 3D Gaussians [73] and 4D Gaussian Splatting [70].
For static scenes with dynamic distractors, we compare against specialized distractor-
removal techniques: DeSplat [66], SpotLessSplats [51], WildGaussians [23], and NeRF
On-the-go [49].

Evaluation Metrics. We quantify performance using three standard image-quality
metrics: Peak Signal-to-Noise Ratio (PSNR)(1), Structural Similarity Index (SSIM)(?),
and Learned Perceptual Image Patch Similarity (LPIPS)(]).
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Implementation Details. Our method is implemented in PyTorch [44] and trained
on a single NVIDIA H200 GPU. We train for 60k iterations. Each camera is initialized
with K = 1000 distractor Gaussians using the strategy outlined in 6.3.1, which is
consistent with [66]. We perform ADC on the distractor gaussians after all training

images have been seen for S = 10 times.

6.4.2 Results and Analysis

We now present our experimental results, beginning with a qualitative comparison on

our synthetic and real-world test cases, followed by a quantitative analysis.

Qualitative Comparison. Our uncertainty-guided decomposition strategy proves
highly effective at isolating primary dynamic subjects from visual distractors. As
shown in Figures 6.4 and 6.5, competing methods like DeformableGS attempt to
model all motion indiscriminately, resulting in corrupted geometry and significant
artifacts when faced with inconsistent trajectories. In contrast, FocusdDGS correctly
identifies these hard-to-model regions, assigns them high uncertainty, and delegates
them to the per-view distractor representation. This principled separation allows the
core model to produce a clean and stable reconstruction of the primary subject. We
observe similar success on real-world videos (Figure 6.6), where our method effectively
models the core content while capturing transient occluders and ambiguous motion

in the separate distractor splats, preserving the integrity of the main reconstruction.

Quantitative Comparison. To demonstrate the versatility of our framework, we
evaluated it on established static-scene benchmarks where all dynamic content is
treated as transient. The results are presented in Table 6.1. While our method is
designed for fully dynamic scenes, it remains competitive with specialized, state-of-
the-art distractor removal techniques. This shows that our uncertainty mechanism is
flexible enough to successfully isolate a static background by treating all dynamic

content as high-uncertainty, confirming the robustness of our approach.
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DeformableGS Ours

Figure 6.4: Qualitative comparison on the Bouncing Ball scene. Prior methods
struggle to handle dynamic elements like the runner and the blue ball, resulting in
noticeable artifacts and degraded scene quality.

DeformableGS 4DGS

Figure 6.5: Qualitative comparison on synthetic squat scene.

Method Mountain Fountain Corner Patio

PSNR{ SSIM{ LPIPS| PSNR{ SSIM{ LPIPS| PSNR{ SSIM{ LPIPS| PSNRt SSIM{ LPIPS]

NeRF On-the-go 20.15 0.64 0.26 20.11  0.61 0.31 24.22  0.81 0.19 20.78  0.75 0.22
SpotLessSplats 22,53 0.77 0.18 22.81 0.80 0.15 26.43  0.90 0.10 22.24  0.86 0.10
WildGaussians 20.43  0.65 0.26 20.81  0.66 0.22 24.16  0.82 0.20 21.44 0.80 0.14
DeSplat 19.59  0.71 0.17 20.27  0.68 0.17 26.05 0.88 0.09 20.89 0.81 0.11
Focus4DGS (ours) 19.04 0.54 0.43 19.64  0.59 0.33 24.31 0.83 0.19 20.69 0.74 0.29

Table 6.1: Quantitative comparison on real static scenes with distractors. Our method,
designed for the more general task of dynamic scenes, performs competitively against
specialized approaches.
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Core Render Distractor Render Composited Render GT

Figure 6.6: Qualitative results on real static scenes.

6.5 Conclusion

This chapter introduced Focus4dDGS, a novel framework for robustly reconstructing
dynamic scenes in the presence of visual distractors. Our work redefines the chal-
lenge from a simple static-versus-dynamic separation to a more nuanced distinction
between reconstructable and unreconstructable motion. The key to our approach is
a decompositional architecture that models a scene with a primary, dynamic set of
Core Gaussians and auxiliary per-view Distractor Gaussians.

Crucially, this decomposition is not supervised by explicit masks but is guided
by an uncertainty signal derived from the stability of the learned motion field itself.
By analyzing the Jacobian of the deformation network, we produce a per-Gaussian
uncertainty score that allows the model to identify and isolate regions of inconsistent
or chaotic motion. An uncertainty-aware loss function then encourages the model to
hand over these challenging regions to the distractor representation, preserving the
integrity of the core reconstruction. Experiments show that this method effectively
disentangles the primary dynamic subject from transient phenomena, enabling high-

fidelity results in unconstrained environments where previous methods fail.
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Chapter 7

Conclusions

7.1 Limitations and Future Work

The work presented in this thesis advances the state of the art. However, they have
certain limitations that present clear opportunities for future research.

Dependency of Pre-computation and Initialization. DyLiN requires a
pre-trained teacher NeRF model, which can be expensive to obtain. Furthermore,
all of our Gaussian Splatting-based methods, particularly GS-LK, are sensitive to
the quality of the Structure-from-Motion (SfM) point cloud and the accuracy of the
camera parameters.

Modeling Extreme Dynamics and Materials. Methods like CoGS may
struggle with extremely non-rigid deformations or large-scale movements in monocular
settings. Additionally, challenges remain for the Gaussian Splatting based methods in
accurately modeling objects with highly complex or view-dependent materials, such
as shiny or transparent surfaces.

Generative Inpainting. For Focus4dDGS, generative inpainting methods could
be applied to fill the holes left behind after distractors are removed, leading to more
complete and visually plausible scene reconstructions.

Preliminary Validation of Focus4DGS. While Chapter 6 introduces the
complete framework for Focus4dDGS, its experimental validation has not yet been
completed. The method has not been thoroughly tested on a diverse range of

challenging real-world scenes, which is essential to fully assess its practical effectiveness.
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7. Conclusions

7.2 Summary

This thesis addressed fundamental challenges in dynamic 3D scene reconstruction,
introducing four novel methods that advance the field toward real-time, control-
lable, and robust performance in unconstrained environments. Our contributions
provide a comprehensive pipeline for reasoning about dynamic geometry, from im-
proving foundational rendering speed to enabling high-level scene manipulation and
understanding.

Our work began by tackling the issue of performance with DyLiN, the first
Light Field Network capable of modeling dynamic scenes. By leveraging knowledge
distillation, DyLiN achieves an order-of-magnitude increase in rendering speed over
previous methods while maintaining high visual fidelity. Building on the efficiency
of explicit representations, we then introduced CoGS, a framework that extends
3D Gaussian Splatting to enable intuitive, fine-grained control of dynamic elements
without requiring dense supervision. To address geometric ambiguities in challeng-
ing capture conditions, GS-LK integrates classical Lucas-Kanade principles with
Gaussian Splatting. This hybrid approach regularizes the scene’s motion via an
analytically derived scene flow, significantly improving tracking and reconstruction
from monocular videos with limited camera movement. Finally, Focus4DGS con-
fronts the problem of real-world visual clutter by learning to separate consistent,
reconstructable motion from transient distractors. By explicitly modeling uncertainty
in the learned motion field, it decomposes the scene into a stable core representation
and transient per-view distractor Gaussians, allowing it to robustly reconstruct the

primary dynamic subject while gracefully ignoring ambiguous visual phenomena.
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