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Abstract

Text-guided 3D scene editing has advanced with diffusion models and neural rendering.
While Neural Radiance Fields (NeRF) excel at 3D reconstruction and novel view synthesis,
they face key challenges: computational inefficiency, multi-view inconsistency, and poor

handling of motion blur.

To overcome these limitations, we introduce a 3D Gaussian Splatting (3DGS)-based
framework for efficient and consistent 3D editing. 3DGS offers real-time rendering and
a more practical alternative to NeRF. We enhance its performance with two key compo-
nents: (1) a Complementary Information Mutual Learning Network (CIMLN) for refining
3DGS-derived depth maps, enabling depth-aware image editing; and (2) a Wavelet Consen-
sus Attention mechanism that aligns latent codes across views during diffusion denoising,

ensuring consistent multi-view outputs.

We also address motion-blurred scene reconstruction by applying low-pass filtering and

jointly optimizing Gaussian parameters with camera trajectories.

Experiments show that our method achieves photorealistic, structurally consistent re-
sults while maintaining real-time performance and significantly reducing computational

overhead compared to prior methods.
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Chapter 1

Introduction

1.1 Motivation

Artificial Intelligence Generated Content (AIGC) has emerged as a revolutionary force in
the digital realm, transforming the landscape of content creation across various mediums.
This innovative approach harnesses the power of advanced Al models to generate a wide
array of digital content, including images, natural language, and music [2,4,33]. The rapid
evolution of AIGC technologies has not only streamlined creative processes but also opened

up new possibilities for expression and innovation in the digital space.

In recent years, the field of 3D content generation has experienced a particularly dra-
matic transformation, propelled by the development of sophisticated neural representations
and generative models. These advancements have significantly enhanced the quality and
diversity of 3D models that can be created through Al-driven processes. The implications
of these developments are far-reaching, touching industries ranging from entertainment

and gaming to architecture and product design.

Traditionally, 3D content creation has been characterized as a labour-intensive and
time-consuming endeavor, requiring specialized skills and substantial resources. However,

the advent of AIGC techniques has brought about a paradigm shift in this domain. These



new methodologies have drastically streamlined the workflow of 3D content creation, mak-
ing it more accessible and efficient. This democratization of 3D content generation has the

potential to unleash a new wave of creativity and innovation across various sectors.

Within the broader context of 3D AIGC, the subfield of 3D scene editing (3D edit-
ing) has recently garnered significant attention from researchers and practitioners. Unlike
generating entirely new scenes, this area focuses on modifying and enhancing existing 3D
content. Its applications span virtual reality (VR), augmented reality (AR), and visual ef-
fects (VFX) in film and television production [23], offering opportunities for personalization

and adaptation in immersive technologies and visual storytelling.

Text-driven 3D editing has emerged as a groundbreaking approach that allows users to
manipulate 3D scenes using natural language instructions [36]. By lowering the technical
barrier, it enables individuals without expertise in 3D modeling to perform sophisticated
edits [28]. This democratization of 3D editing fosters rapid prototyping and creative ex-
pression across domains such as game development, VR, and digital art. Its intuitive,
language-based interface aligns well with human cognition, making the process more ac-

cessible for both professionals and hobbyists [30].

The growing interest in this field highlights its potential to transform 3D content cre-
ation [62]. As text-driven techniques evolve, they promise to bridge the gap between con-
ceptual ideas and their 3D realization, enhancing productivity and encouraging innovation

in immersive and interactive design.

1.2 Problem Overview

Text-driven 3D editing, while promising, faces several significant challenges:

Time-intensive Processing: The time-intensive nature of text-driven 3D editing poses a
significant obstacle to its widespread adoption, largely due to several intertwined challenges.

First, achieving consistent 3D outputs from 2D image-based generative models often in-



volves multiple iterative refinements, as the initial results frequently require adjustments
to meet the desired quality. Additionally, the computational demands are considerable,
with state-of-the-art methods typically requiring optimization times ranging from tens of
minutes to several hours when using a single GPU. Furthermore, some approaches exacer-
bate these demands by necessitating model retraining for each specific 3D scene, resulting
in substantial computational and memory overhead. These factors collectively highlight

the current inefficiencies and limitations of text-driven 3D editing workflows. [71]

Multi-view Inconsistency: Multi-view inconsistency is a critical challenge in text-driven
3D editing, particularly when relying on 2D image-based generative models to manipulate
3D scenes [(1]. Such inconsistency manifests as visual artifacts—e.g., blurring, ghosting,
and mismatched details—when viewing the scene from different angles. This issue arises
because 2D models lack explicit awareness of 3D geometry, often resulting in outputs that
are plausible in isolation but misaligned across views. Multi-view consistency refers to the

alignment of several key aspects across all viewpoints, including:

e Geometry: ensuring that shapes and spatial structures remain coherent from all

perspectives.
e Texture: maintaining consistent surface details and patterns.

e Color: preserving uniform color distribution and shading across views.

Ensuring consistency in these aspects is essential for generating photorealistic and geomet-

rically sound 3D edits.

Moreover, the inability of current text-to-image (T2I) models to ensure consistent edit-
ing effects across multiple views further diminishes the performance and reliability of 3D
edits. Adding to this complexity, state-of-the-art techniques frequently rely on multiple
synchronized edited images of the same scene to achieve effective results that remains

difficult to fulfill with existing T2I models. These limitations collectively underscore the



critical need for more robust solutions to address multi-view inconsistency in 3D editing

workflows. [60].

Motion Blur in Real-World Scenes: In real-world multi-view capture scenarios, motion
blur frequently occurs due to fast camera motion or dynamic environments. However, most
existing 3D datasets assume ideal, blur-free conditions and fail to account for this degra-
dation. This discrepancy limits the generalization of current 3D editing or reconstruction
models when deployed in practical settings. Future work should focus on constructing re-
alistic datasets that incorporate motion blur, or developing learning frameworks that can

explicitly handle blurred inputs during training and inference.

1.3 Research Contributions

1.3.1 Efficient 3D Editing Based on Gaussian Splatting with

Complementary and Consensus Information Learning

We proposed an efficient 3DGS editing system as shown in Fig. 1.1. Compared with NeRF-
based 3D editing methods, our system reduces training and rendering time with the help of
3DGS as 3D representation. Enhancing depth map quality is essential for achieving supe-
rior image editing results in 3D scenes. Inspired by the previous cross-modal enhancement
research [16], we developed the Complementary Information Mutual Learning Network
(CIMLN). This network leverages complementary information from multi-view images to
refine depth maps, enabling precise depth information which is used as an additional con-
dition for diffusion-based image editing in ControlNet. We further propose a Wavelet Con-
sensus Attention (WCA) module to ensure advanced multi-view consistency and extract
consensus information from both the spatial and frequency domains. The WCA module en-
hances multi-view consistency by replacing ControlNet’s self-attention with wavelet-based
attention, enabling latent code alignment during the diffusion denoising process. This

architectural modification facilitates seamless coordination across viewpoints, resulting in

4
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Figure 1.1: Overview of the proposed 3D Gaussian splatting editing system. Multi-view
images M are used to train a 3DGS model, from which the rendered depth and RGB
images can be obtained. Rendered depth maps and RGB images are optimized through
CIMLN respectively. The framework replaces ControlNet’s image self-attention with WCA

to better align images with reference views.



more coherent multi-view editing results.

1.3.2 3D Gaussian Splatting from Motion Blur Images via Low-
pass Filter

Reconstructing high-quality 3D representations from motion-blurred images is a challeng-
ing problem in computer vision and computational photography. Motion blur occurs when
a camera captures a scene while either the camera or objects within the scene move during
exposure. This leads to the loss of sharp details and introduces temporal integration effects.
Such degradations pose significant challenges for traditional 3D reconstruction pipelines,
particularly for structure-from-motion (SfM) [16], which relies on precise feature matching
and correspondence estimation across views. Similarly, neural reconstruction techniques

also struggle to recover fine-grained geometry from severely blurred inputs.

To address this, we explore a novel approach to reconstructing 3D Gaussian repre-
sentations from motion-blurred images. Our method leverages the inherent structure of
Gaussian splatting while incorporating a motion-aware deblurring mechanism. By mod-
eling motion trajectories and optimizing Gaussian attributes jointly with deblurring con-
straints, we achieve high-fidelity 3D reconstructions even from blurred inputs. Unlike naive
deblurring-then-reconstruction pipelines, which suffer from accumulated errors, our frame-
work jointly estimates sharp scene representations and corrects for motion blur during
optimization. We also introduce a low-pass filter to eliminate the high-frequency arti-
facts during the training of 3DGS. Extensive experiments demonstrate that our proposed
framework achieves superior performance compared to state-of-the-art methods in both

qualitative and quantitative results.

In summary, our main contributions are as follows:

e We proposed an efficient 3D editing method based on 3DGS that incorporates com-

plementary and consensus information learning for improved performance with less



editing time.

e We developed a self-supervised complementary information learning network that
extracts complementary details from 3D depth information and multi-view RGB
images to refine depth map for image editing, which improves multi-view consistency

for our 3D editing.

e We designed a wavelet consensus attention for a latent code alignment module that
extracts consensus information from both spatial and frequency domains and ensures

consistent editing results in the diffusion process.

e We proposed a novel approach to reconstructing 3D Gaussian representations from
motion-blurred images via low-pass filter, which aims to solve motion blur prob-
lem for real-captured 3D data. This work is accepted by Canadian Artificial
Intelligence 2025.

1.4 Publication and Preprint

[1] Xuangi Zhang, Wonsook Lee, Chris Joslin. 3D Gaussian Splatting and Camera Poses
Joint Optimization for Motion Blur Images via Low-pass Filter. The 38th Canadian Con-
ference on Artificial Intelligence, 2025. Location: Calgary, Canada. Conference dates:

May 26-29, 2025. [65]

[2] Xuangi Zhang, Jieun Lee, Chris Joslin, Wonsook Lee. Advancing 3D Gaussian Splatting
Editing with Complementary and Consensus Information. arXiv preprint arXiv:2503.11601.

[07]

1.5 Thesis Structure

This section is a brief description of the structure of this thesis. This thesis has 5 chapters.



e Chapter 2 is the literature review. Our model includes a 2D editing phase so we
introduce conceptions of diffusion models. Then we discuss the NeRF and 3DGS for
3D representation from different aspects. In our main task, we introduce two kinds
of 3D editing: 2D-3D lifting 3D editing and direct 3D editing and corresponding
works. Furthermore, we review depth map enhancement related works which are
beneficial for 3D awareness and multi-view consistency in our 3D editing. Finally,

we summarize existing motion deblurring methods.

e Chapter 3 is the detailed methodology of our 3D editing system. In this section, we
start with our module’s architecture, and we explicitly describe each step of the data
flow and calculations from end to end. We also explicitly describe the motivation of

our designed modules for improving 3D editing.

e Chapter 4 covers the experimental setup details. We introduce the datasets, loss func-
tion and preprocess details. Then, we specify how we construct our training strategy.
We analyze different 3D editing methods results in different scenes. Ablation studies

are provided to prove the effects of our proposed modules.

e Chapter 5 is the conclusion and future work. We summarize the work that we have

done and analyze our model’s advantages and disadvantages for our future research.



Chapter 2

Literature Review

In this chapter, we provide a comprehensive review of foundational and recent advances
related to our work on 3D Gaussian Splatting (3DGS)-based text-driven 3D editing. We
begin by introducing the denoising diffusion probabilistic models (DDPMs), which form
the basis of many recent generative techniques. We then explore deep learning-based
image editing methods, including both GAN- and diffusion-based approaches. Next, we
review common 3D representations such as meshes, neural radiance fields (NeRF'), and the
recently proposed 3DGS. Introduction of COLMAP is given to help understand camera
poses estimation. We then categorize and compare existing text-driven 3D editing meth-
ods, distinguishing between direct 3D editing and 2D-3D lifting strategies. Finally, we
discuss two critical auxiliary tasks—depth enhancement and motion deblurring—that play
essential roles in improving 3D editing performance under challenging conditions such as

sparse or blurred multi-view data.



2.1 Basic Modules

2.1.1 Denoising Diffusion Probabilistic Model

Before investigating existing 3D editing methods, we first review the basis of current AIGC
techniques, particularly diffusion models, as they play a critical role in text-guided image

generation.

Denoising Diffusion Probabilistic Models (DDPM) proposed by Ho et al. [22,19], or
simply diffusion models, are a class of probabilistic generative models that turn noise
into a representative data sample and thus are mainly used for generation tasks [11,11].
For example, Stable Diffusion [11] is a state-of-the-art deep learning model for text-to-
image generation released in 2022. It uses a latent diffusion model (LDM) architecture,
which consists of three main components: a variational autoencoder (VAE) [31], a U-
Net [15], and an optional text encoder [11]. The model works by gradually denoising a
latent representation of an image, guided by text prompts or other conditioning inputs.

The generation results are shown in Fig. 2.1.

2.1.2 3D Representations
Meshes

Polygonal meshes are non-Euclidean data structures that represent the surfaces of shapes
using vertices, edges, and faces. Unlike voxels [5], which represent 3D volumes, and point
clouds, which consist of unstructured sets of 3D points, meshes provide explicit connectivity
between surface points, enabling the modeling of geometric relationships. This compact yet
expressive representation makes meshes a popular choice in traditional computer graphics

tasks such as geometry processing, animation, and rendering.

However, applying deep neural networks to meshes is more complex than to point

clouds or voxels, as it requires accounting for both vertex positions and edge connectivity.

10



Abunny reading his A crocodile fishing on a boat A bear astronaut A stone rabbit statue A diffusion model A gummy bear riding
e-mail on a computer. while reading a paper. playing tennis. sitting on the moon. generating an image. a bike at the beach.

A green cow eating red A Bichon Maltese and a black  Two people playing A pig with wings flying A blue car covered in furin  An astronaut walking a
grass during winter.  bunny playing backgammon. chess on Mars. over a rainbow. front of a rainbow house. crocodile in a park.

_{-} 3
g e 4 -
A tree with all kinds A wombat with sunglasses  Ared boat flying upside A Bichon Maltese reading A panda bear A monkey with a white
of fruits. at the swimming pool. down in the rain. a book on a flight. eating pasta. hat playing the piano.

Figure 2.1: Tmages generated by Stable Diffusion [11] based on various text prompts, via

the https://beta.dreamstudio.ai/dreamplatform. reprinted from [12]
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This structural complexity makes meshes more difficult to edit using learning-based 3D

approaches.

Neural Radiance Fields

Neural Radiance Fields (NeRF) proposed by Mildenhall et al. [35] has emerged as a ground-
breaking technique in computer graphics and 3D vision since their introduction in 2020.
This novel method enables photorealistic rendering of 3D scenes from sparse 2D input
views, revolutionizing applications in novel view synthesis, scene reconstruction, and re-
flectance modeling. A neural field is a continuous neural implicit representation that models
the complete or partial geometry and appearance of a scene or object using a neural net-
work. Instead of storing explicit geometry like meshes or voxels, it encodes this information
as a function—typically approximated by a multilayer perceptron (MLP)—that maps spa-
tial coordinates (and sometimes viewing directions) to physical properties such as color
and density. This is similar to a “neural blueprint” of the scene: given any coordinate
in space, the network predicts what exists there and how it should look from a specific

viewpoint.

The overall NeRF volume rendering and training process is shown in Fig. 2.2. However,
the baseline NeRF models are known for their slow training and inference speed due to
the need to densely sample points along every camera ray and evaluate a large multi-
layer perceptron (MLP) at each sampled location. Additionally, the volumetric rendering
process requires computing transmittance and color for many such samples, leading to high
computational and memory costs. These limitations hinder the real-time applicability of

NeRFs and motivate the development of faster alternatives such as 3D Gaussian Splatting.

3D Gaussian Splatting

Despite significant efforts [10,10] to accelerate NeRFs for practical use on everyday devices

like smartphones and laptops, achieving both fast training on consumer-grade GPUs and

12
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Figure 2.2: The NeRF volume rendering and training process reprinted from [19]. (a) how
sampling points are selected along camera rays for each pixel in the synthesized image. (b)
how a NeRF MLP network is used to compute densities and colors at these sampled points.
(c) the volume rendering process, where accumulated color and density values along a ray
are integrated to produce a final pixel color. (d) the rendered pixel colors with ground

truth values to compute photometric loss for supervision.
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interactive rendering speeds on standard devices remains a challenge. To address these
performance limitations, 3D Gaussian Splatting (3DGS) from Kerbl et al. [29] proposes
rasterizing a collection of Gaussian ellipsoids to approximate the visual appearance of a
3D scene. This approach not only delivers comparable quality for novel view synthesis
but also achieves rapid convergence of training loss (typically within 30 minutes) enabling
fast model optimization and real-time rendering. As a result, 3DGS enables low-cost 3D

content creation, requiring only consumer-grade GPUs for training and rendering.

To accelerate both training and rendering, 3D Gaussian Splatting (3DGS) eliminates
the need for neural networks that predict color and density at every sample point. Instead,
it directly optimizes a set of Gaussian ellipsoids, each associated with attributes such as
position p € R3 rotation R € SO(3), scale s € R3, opacity «, and spherical harmonics

(SH) coefficients that model view-dependent radiance.

The optimization process is illustrated in Fig. 2.3. Each 3D Gaussian is represented by

a mean 4 and a full 3D covariance matrix ¥ defined in world space [72]:

1

() = exp (—5x =)= x—)). 1)

For rendering, these 3D Gaussians are projected onto the 2D image plane using a

14



camera view transformation. The projected 2D covariance ¥’ is computed as:
¥ =JWEZW'J" (2.2)
where:

e ¥ = RSS'RT is the world-space covariance matrix, with S as the diagonal matrix

constructed from scale vector s,
e W is the world-to-camera transformation matrix,

e J is the Jacobian of the perspective projection.

The color of each pixel is determined by rasterizing these projected Gaussians and

compositing them using their opacity a and SH-based radiance.

3DGS shares a similar rendering process with NeRFs. Why is 3DGS faster than
NeRF?

1. 3DGS models opacity values directly, whereas NeRF first estimates density and then
transforms it into opacity. This simplification reduces computational overhead and

accelerates convergence—typically to within 30 minutes, compared to several hours

required by NeRF in NeRF360 [3] dataset.

2. 3DGS uses rasterization-based rendering, which avoids the need for dense sampling
and neural network queries. In contrast, NeRF performs volumetric rendering by
densely sampling 3D points and evaluating a multi-layer perceptron (MLP) at each

location.

Without neural sampling and querying, 3DGS is highly efficient, achieving real-time
rendering, compared to NeRF implementations—while still providing comparable rendering

quality.

15



2.1.3 COLMAP

To recover the camera poses and scene geometry from multi-view images, we rely on clas-
sical 3D reconstruction techniques, namely Structure-from-Motion (SfM) and Multi-View
Stereo (MVS). SfM estimates both camera intrinsics and extrinsics from unordered image
sets while simultaneously reconstructing a sparse 3D point cloud. MVS then refines this

sparse reconstruction to obtain dense depth information.

In our system, we adopt COLMAP [10], a widely-used open-source SfM and MVS
pipeline, for its robustness and automation in large-scale image-based 3D reconstruction

tasks.

COLMAP is an open-source SfTM and MVS framework that provides an automated
pipeline for recovering accurate camera poses and dense 3D geometry from multi-view
image collections. The software is built on robust feature extraction, image matching, and
bundle adjustment techniques, making it a popular choice in computer vision and graphics

applications.

COLMAP’s SfM module estimates camera intrinsics and extrinsics while simultaneously

reconstructing a sparse 3D point cloud. It consists of the following key steps:

e Feature Extraction: Detects distinctive keypoints using algorithms such as SIFT

(Scale-Invariant Feature Transform).

e Feature Matching: Establishes correspondences between image pairs using exhaustive

or vocabulary-based matching.

e Incremental and Global SfM: COLMAP supports both incremental (sequential) and

global (simultaneous) reconstruction strategies.

e Bundle Adjustment: Optimizes camera parameters and 3D structure via nonlinear

least squares minimization.
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Once the sparse reconstruction is obtained, COLMAP’s MVS module refines the ge-

ometry to generate a dense 3D model:

e Depth Map Estimation: Predicts per-pixel depth using patch-based stereo matching.

e Fusion and Meshing: Aggregates depth maps into a dense point cloud and optionally

converts it into a mesh.

This recovered camera and depth information serves as the geometric foundation for

subsequent 3DGS training and editing in our system.

2.2 Text-Driven 3D Editing Methods

In this section, we discuss text-driven 3d editing methods. A primary challenge in text-
driven 3D editing is to modify specific regions of a 3D scene based on natural language
prompts, while preserving unedited areas. To address this, existing methods are broadly

categorized into two strategies:

e Direct 3D Editing: Text prompts are used to directly modify 3D representations
(e.g., meshes or NeRFs) by optimizing their geometry, texture, or volumetric content

using differentiable rendering and pre-trained text-image models.

e 2D-3D Lifting: Edits are first performed on individual 2D views using text-conditioned
diffusion models or image editors. These edited views are then consolidated back into

a coherent 3D representation.

As illustrated in Fig. 2.4, the key difference lies in where the editing operation takes

place—either directly in 3D space, or indirectly via 2D projections.
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Figure 2.4: Overview of 2D-3D lifting-based 3D editing and direct 3d editing reprinted
from [34].
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2.2.1 Direct 3D Editing

Direct 3D editing enables modifications to the geometry or texture of 3D representations
based on target text prompts, by leveraging pre-trained text-vision models such as CLIP
[43]. This approach typically employs a differentiable rendering pipeline that connects the

3D model to the supervision signal from these models.

Prior work by Fan et al. [17] introduced a pipeline that generates rendered images of a
target 3D model and optimizes them to match the text prompt using CLIP similarity. For

instance, X-Mesh [30] allows editing of both geometry and texture of a mesh representation.

More recent methods are inspired by score distillation sampling (SDS) [12], which
enables text-guided 3D optimization using gradients from pre-trained diffusion models.
For example, Latent-NeRF [37] trains a NeRF in the latent space of a diffusion model for
editing, which is then mapped back to the original NeRF representation in RGB space for
high-quality rendering.

However, direct 3D editing methods often inherit inherent limitations from their 2D
generative model foundations, such as difficulties in generating objects at specific orienta-
tions. Moreover, without leveraging priors from 2D text-based editing tasks, these methods
lack precise spatial control. In particular, they offer limited ability to restrict edits to user-
specified regions and often lack structural constraints, making it challenging to ensure that

unreferenced parts of the scene remain consistent after editing [34].

Direct 3D Editing

e X-Mesh [30]: Edits both geometry and texture of a mesh using text prompts through
differentiable rendering and CLIP supervision. However, the method relies on mesh
inputs and may suffer from limited flexibility when dealing with sparse or noisy input
views, as it depends on high-quality mesh reconstructions that are difficult to obtain
in such conditions, and lacks compatibility with alternative 3D representations such

as point clouds or implicit fields.
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e Progressive3D [!1]: Applies progressive text-guided edits directly in NeRF space,
allowing sequential control over editing steps. Nonetheless, it inherits NeRF’s slow
optimization and may struggle with view inconsistency in complex edits, as localized
modifications can lead to geometric and appearance mismatches across viewpoints
due to NeRF’s implicit volumetric representation and lack of explicit surface con-

straints.

e NeRF-Art [55]: Converts mesh inputs into NeRF for direct CLIP-guided editing of
appearance and structure. Yet, the reliance on mesh-to-NeRF conversion can limit

edit quality if the initial mesh lacks detail or accuracy.

e LENeRF [25]: Enhances local editability by using a triplane representation within
NeRF, optimized directly from multi-view images. However, the method still faces
NeRF’s computational inefficiencies and lacks robust structural constraints during
editing, as it does not enforce explicit surface boundaries or semantic consistency,

which may lead to unrealistic deformations or view-dependent artifacts.

e CLIP-NeRF [>1]: Aligns NeRF-rendered views with text prompts using CLIP sim-
ilarity for direct editing of neural radiance fields. This approach is vulnerable to the

Janus problem and often results in ambiguous object orientations.

e 3D Paintbrush [13]: Enables intuitive editing of mesh parts by associating textual
prompts with segmentation masks. While user-friendly, it is limited to mesh-based
pipelines and cannot be directly extended to implicit representations like NeRF or

3DGS.

2.2.2 2D-3D Lifting 3D Editing

Compared with direct 3D editing, 2D-3D lifting-based methods can benefit from editing
priors of text-based image editing to complete 3D editing, and improve the controllability

of the 3D editing process. 2D-3D Lifting 3D editing has achieved state-of-the-art results
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in novel view synthesis. However, editing a single image at a time lacks 3D awareness,
which compromises multi-view consistency during the editing process. When editing results
across different views exhibit inconsistencies, 2D-3D lifting methods struggle to achieve
proper consolidation in 3D space [7,59,61]. The development of effective and consistent

editing methods from 2D to 3D remains a fundamental challenge in the field.

Recently, IN2N proposed by Haque et al. [21] uses an image-conditioned diffusion model
(InstructPix2Pix proposed by Brooks et al. [1]) to iteratively edit the input images while
optimizing the underlying scene, resulting in an optimized 3D scene that respects the edit
instruction. However, IN2N suffers from slow convergence and unstable training due to the
need for iterative multi-view refinements. GS2GS proposed by Vachha et al. [53] attempts
to employ 3DGS to improve editing efficiency while maintaining consistency across views
based on IN2N. Nevertheless, it inherits IN2N’s iterative update scheme and fails to enforce
global consistency across all viewpoints, often resulting in residual artifacts in distant or
occluded views. ViCA-NeRF, proposed by Dong et al. [15], utilizes depth maps predicted
by NeRF to establish dense correspondences across multiple views. These correspondences
act as geometric constraints, guiding the model to maintain structural consistency during
the editing process. Yet, the quality of NeRF-predicted depth maps is often subopti-
mal, especially in textureless or occluded regions, which compromises the reliability of the
correspondence-based constraints. GaussCtrl proposed by Wu et al. [61] achieves multi-
view consistency by depth-conditioned editing that enforces geometric consistency across
multi-view images by leveraging naturally consistent depth maps. Despite its effectiveness,
it still relies on pre-rendered depth without refinement, leading to inaccurate guidance in

areas with fine structures or motion blur.

We briefly describe the representative text-driven 3D editing methods listed in Ta-
ble 2.1, categorized by their editing strategies.
2D-3D Lifting

e Instruct3D-to-3D [27]: Edits multi-view images using InstructPix2Pix, lifting re-

21



sults into a DVGO-based 3D representation. However, the method lacks explicit 3D
consistency constraints, as the image-space edits are applied independently across
views without enforcing geometric coherence or cross-view feature alignment. This
often results in mismatched textures or structural artifacts when the edited scene is

reconstructed or rendered from novel viewpoints.

DreamEditor [71]: Applies 2D edits and consolidates them into a mesh-based neural
field (MNF) for 3D rendering. The mesh dependency limits adaptability to scenes

where surface geometry is noisy or incomplete.

GSEdit [!1]: Combines 2D diffusion editing with 3D Gaussian Splatting (3DGS)
to enable fast and consistent edits. Despite its speed, the editing process does not
explicitly enforce depth consistency across views or splats. Since diffusion-based edits
operate in image space without tightly coupling to the underlying 3D structure,
this can lead to subtle geometric artifacts such as depth discontinuities or spatial

misalignments when the splats are reprojected or viewed from novel angles.

InstructN2N [21]: Uses InstructPix2Pix to iteratively edit NeRF-rendered views,
refining the scene accordingly. However, iterative editing may accumulate artifacts
over successive generations, as errors from earlier render-edit cycles can compound
due to the lack of global consistency enforcement. Moreover, the method is sensitive
to the quality of the initial NeRF renderings—low-fidelity or noisy views can mislead

the diffusion model, resulting in degraded or unstable edits across views.

EfficientN2N [50]: Improves runtime efficiency of N2N-style pipelines via compact
NeRF representations. Yet, it still inherits the limitations of 2D editing inconsistency

and lacks geometric alignment mechanisms.

RMNE [39]: Exploits reference-view matching to maintain semantic alignment
across NeRF edits. However, the reliance on a limited set of manually or heuris-

tically selected reference views may introduce semantic bias, leading to overfitting
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on specific viewpoints. As a result, unreferenced or occluded regions may be under-
constrained, causing inconsistencies or missing details when the scene is rendered

from novel perspectives.

DN2N [1&]: Incorporates diffusion models into the NeRF editing loop to better
capture instruction-driven edits. Still, the lack of explicit geometric guidance—such
as surface normals, depth priors, or correspondence constraints—makes it difficult to
enforce consistent geometry across views, often resulting in misaligned textures or

structure distortion in complex or occluded regions.

FreeEditor [23]: Supports open-ended text instructions without predefined seman-
tic categories, enabling more flexible and user-driven 3D editing. This flexibility,
however, comes at the cost of reduced predictability and structural control during
3D reconstruction, as the absence of constrained semantics or category priors makes
it harder to ensure consistent geometry, coherent shape transformations, or adher-
ence to physically plausible structures—especially when interpreting ambiguous or

abstract user prompts.

ViCA-NeRF [15]: Uses NeRF-predicted depth maps to enforce geometric consis-
tency across views during editing. Nonetheless, NeRF-predicted depth can still be

noisy or low-resolution, limiting the overall precision.

LatentEditor [30]: Edits latent NeRF features using 2D diffusion models, then
decodes them back to RGB space. While computationally efficient, it may lose spatial
interpretability during latent-to-RGB decoding, as the learned latent features lack
direct geometric or semantic correspondence to the scene structure, making it difficult

to control or trace how edits affect 3D consistency and visual appearance.

GaussianEditor [57]: Leverages edited 2D views and integrates them into a 3D
Gaussian Splatting (3DGS) model for high-quality rendering. However, it lacks

strong multi-view consistency constraints during 2D-to-3D integration, as the edits
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applied to individual images are not explicitly aligned across views, which can lead to
inconsistencies in geometry or appearance when reconstructing complex scenes with

occlusions or non-rigid structures.

GaussCtrl [01]: Incorporates depth-conditioned 2D editing with 3DGS to enforce
multi-view consistency through cross-view depth guidance. While effective, the
method depends heavily on the quality of estimated depth maps—errors in depth
prediction can propagate through the editing pipeline, resulting in misaligned details

or distorted geometry in regions requiring precise fine-scale edits.

VcEdit [59]: Enhances consistency in 3DGS editing via view-correlated constraints
across 2D edits. Despite improved coherence, it does not fully model occlusion-aware

geometry during editing.

GaussianEditor-SC [J]: Introduces scene-consistency constraints to improve the
fidelity of lifted 3DGS edits. Nevertheless, it assumes well-aligned input views and

may struggle under strong motion blur or incomplete views.

24



Method Input Output Representation Editing Strategy

X-Mesh [36] Mesh  Vertex-colored mesh Mesh 3D Direct

Progressive3D [11] MV Novel views NeRF 3D Direct

NeRF-Art [55] Mesh  Novel views NeRF 3D Direct

LENeRF [27] MV Novel views Triplane 3D Direct

CLIP-NeRF [51] MV Novel views NeRF 3D Direct

3D Paintbrush [13] Mesh  Textured mesh Mesh 3D Direct

Instruct3D-to-3D [27] MV Novel views DVGO 2D-3D Lifting
DreamEditor [71] MV Novel views MNF 2D-3D Lifting
GSEdit [11] MV Textured mesh 3DGS 2D-3D Lifting
InstructN2N [21] MV Novel views NeRF 2D-3D Lifting
EfficientN2N [50] MV Novel views NeRF 2D-3D Lifting
RMNE [39] MV Novel views NeRF 2D-3D Lifting
DN2N [18] MV Novel views NeRF 2D-3D Lifting
FreeEditor [25] MV Novel views NeRF 2D-3D Lifting
ViCA-NeRF [17] MV Novel views NeRF 2D-3D Lifting
LatentEditor [30] MV Novel views NeRF 2D-3D Lifting
GaussianEditor [57] MV Novel views 3DGS 2D-3D Lifting
GaussCtrl [01] MV Novel views 3DGS 2D-3D Lifting
VcEdit [59] MV Novel views 3DGS 2D-3D Lifting
GaussianEditor-SC [9] MV Novel views 3DGS 2D-3D Lifting

Table 2.1: "MV” stands for Multi-View Images. “MNF” denotes the mesh-based neural
field. "DVGO” denotes Direct Voxel Grid Optimization. ”TensoRF” denotes tensorial

radiance fields [0].
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2.3 Depth Enhancement Methods

Depth information plays a vital role in applications like 3D reconstruction, autonomous
systems, and augmented reality, which encompasses several critical tasks that improve the
quality and utility of depth maps for downstream 3D applications. These include comple-
tion, which addresses missing or invalid depth values due to occlusion or sensor limitations
by inferring geometry from neighboring regions or RGB guidance; denoising, which removes
random noise—common in low-cost sensors—through smoothing, edge-aware regulariza-
tion, or learning-based residual correction; and deblurring, which restores sharp depth
discontinuities in motion-blurred or temporally integrated maps using temporal cues or
learned blur-reversal models. Together, these techniques enhance depth fidelity, struc-
tural integrity, and consistency, which are essential for high-quality 3D reconstruction and

editing.

In our 3D editing system, enhancing depth maps is necessary to improve geometric
awareness and editing consistency across views. However, conventional depth enhancement
networks, which are typically trained on large-scale RGB-D datasets, do not meet the real-
time or limited-data constraints of our application. Moreover, the lack of ground truth
depth supervision in our setting presents an additional challenge. Therefore, it is important
to develop lightweight, unsupervised or self-supervised methods that can operate effectively

with limited data.

Depth enhancement methods can be broadly categorized into two main approaches:
optimization-based and learning-based methods, each with distinct strengths and lim-

1tations.

e Optimization-based methods treat depth enhancement as an ill-posed inverse
problem, typically incorporating handcrafted priors or regularization terms to sta-
bilize the solution. These methods are often model-driven and do not require large

training datasets. For example, Wang et al. [70] proposed an RGB-guided depth
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Figure 2.5: Illustration of the sparsity and variability in depth maps captured by different
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an outdoor street. This figure highlights the need for robust depth enhancement methods

capable of handling diverse sensing conditions and noise patterns. Reprinted from [24]



recovery framework that jointly utilizes local and global contextual cues from RGB
images to reconstruct high-quality depth maps. While effective under ideal condi-
tions, such approaches often assume accurate alignment between RGB and depth
inputs. In real-world multi-view scenarios with occlusions or sensor misalignment,
their performance may degrade significantly, limiting their robustness and general-

ization.

Learning-based methods utilize neural networks trained on RGB-D datasets to
directly learn depth refinement from data. These approaches can model complex
patterns and nonlinear relationships, leading to high-quality outputs. For instance,
SGNet [60] enhances structural precision using a gradient-frequency-aware archi-
tecture, while IPPNet [8] proposes an intrinsic phase-preserving design for cross-
modality depth enhancement. Despite their impressive accuracy and detail preserva-
tion, these methods typically require extensive labeled datasets for supervised train-
ing. This dependency limits their scalability and applicability in data-scarce environ-
ments, especially for multi-view or real-time applications where paired ground truth

is unavailable.

2.4 Motion Deblur Methods

Motion blur is a critical factor that affects the fidelity of 3D reconstruction and editing, es-

pecially in dynamic scenes captured under low-light or fast-moving conditions. Technically,

motion blur arises from the integration of scene radiance over a finite camera exposure pe-

riod. Under fast motion or low-light conditions, this integration leads to severe spatial

smearing. This degradation is commonly modeled as a spatial convolution process:

Y,=BxX,+86,, (2.3)

where Y}, is the observed blurry image, X, is the latent sharp image, B denotes the blur

kernel, and 6,, represents additive noise. To restore sharp images from blurred observa-
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tions, a variety of deblurring methods have been proposed. We categorize and compare
these methods based on their design philosophy and 3D suitability. Below, we review the
representative approaches evaluated in our experiments, highlighting their strengths and

limitations in the context of multi-view 3D Gaussian Splatting.

MPRNet [61]: A single-image deblurring network that adopts a multi-stage, progres-
sive refinement framework with hierarchical supervision. It achieves high-quality deblur-
ring by fusing local and global features through residual blocks. Advantages: — Strong
generalization on a wide range of natural blur patterns. — Effective for moderate blur
in single-view scenarios. Limitations: — Lacks awareness of 3D structure and inter-view
coherence. — Operates independently on each frame, causing inconsistent geometry when
applied to multi-view inputs. — Cannot leverage temporal redundancy or scene priors

across views.

PVD [18]: A recurrent video deblurring method that progressively refines predictions
across temporal frames using memory units. Advantages: — Incorporates temporal infor-
mation through recurrence. — Improves consistency across video frames in 2D scenarios.
Limitations: — Temporal modeling is weak under large motion. — Like MPRNet, it lacks
any 3D scene understanding and cannot enforce view-to-view consistency. — Struggles with

depth ambiguity and occlusion when applied to 3DGS data.

SRN-Deblur [52]: A scale-recurrent neural network that performs deblurring in a
coarse-to-fine manner with shared weights across multiple scales. Advantages: — Robust
to different levels of blur intensity due to multi-scale structure. — Efficient and compact
compared to other large CNN models. Limitations: — Primarily designed for 2D images,
not suitable for enforcing 3D spatial consistency. — Cannot handle inter-view variance or
temporal misalignment in multi-view inputs. — Tends to oversmooth fine details that are

essential for accurate geometry recovery.

DeblurNeRF [35]: A NeRF-based approach that integrates a blur-aware rendering

model into the volumetric rendering process. It estimates both scene radiance and blur

29



parameters jointly from blurred inputs. Advantages: — Explicit modeling of blur within the
3D volume improves geometric consistency. — Joint optimization over multi-view inputs
benefits sharp view synthesis. Limitations: — Computationally intensive due to volumetric
rendering. — Requires significant training time and GPU memory. — Struggles with high-

frequency appearance restoration and often fails to reconstruct sharp textures.

BAD-NeRF [78]: An advanced NeRF-based method that disentangles motion blur
and scene content using a blur-aware volume and learns better priors for deblurring under
large camera motion. Advantages: — State-of-the-art results in volumetric deblurring with
improved motion modeling. — More accurate disentanglement of geometry and blur com-
pared to earlier NeRF-based models. Limitations: — High computational cost and long
optimization cycles. — Complex architecture makes real-time application impractical. —

Limited scalability to dense scenes or long sequences due to memory bottlenecks.

To overcome these limitations, we propose a 3DGS-based deblurring strategy that
retains high-quality geometry and appearance restoration while reducing computational
overhead. Unlike NeRF-based methods, 3DGS allows direct manipulation of point-based
Gaussian primitives, enabling faster rendering and convergence. By integrating a low-pass
filtering strategy in the optimization loop, our method effectively suppresses high-frequency
noise introduced by motion blur. This design ensures robust reconstruction from blurred

views with better efficiency, consistency, and visual quality.

2.5 Summary

This chapter reviewed the foundational technologies relevant to our 3D editing framework.
We first introduced diffusion models and their impact on deep generative editing. We
then surveyed 3D representations, highlighting 3DGS’s advantages in rendering speed and
training efficiency. We compared direct 3D editing and 2D-3D lifting strategies, outlining

their trade-offs in consistency, controllability, and scalability. Finally, we discussed auxil-
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iary tasks such as depth enhancement and motion deblurring, which are critical for robust

3D reconstruction under real-world conditions.

While progress has been made in efficient and controllable 3D editing, challenges remain
in ensuring geometric consistency and handling degraded inputs. Our research addresses
these limitations by integrating depth-aware diffusion editing and blur-robust 3DGS opti-

mization into a unified framework.
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Chapter 3

Methodology

In this chapter, we present a unified methodology for high-quality 3D scene editing and
reconstruction based on the 3D Gaussian Splatting (3DGS) representation. As illustrated

in Algorithm 3.1, our approach consists of two main components:

e Efficient 3D Editing with Complementary and Consensus Information: To
address the limitations of conventional 2D-3D lifting frameworks—particularly the
lack of view consistency and geometric awareness—we propose a depth-guided editing
strategy. The rendered depth maps from 3DGS are refined using a Complemen-
tary Information Mutual Learning Network (CIMLN), which fuses features
from both depth and RGB views to suppress texture noise and enhance structural
fidelity. To further ensure consistent edits across multiple viewpoints, we introduce
Wavelet Consensus Attention (WCA) to align latent representations across
views in both spatial and frequency domains. This combination enables precise,

semantically aligned, and multi-view-consistent editing in a non-iterative fashion.

e Joint 3DGS and Camera Poses Optimization for Motion Blur Images : To
recover high-fidelity 3D scenes from real-world motion-blurred images, we propose a

joint optimization framework that refines both the 3DGS representation and camera
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poses. The pipeline first estimates a motion trajectory by interpolating between the
start and end poses using SE(3) interpolation. To mitigate high-frequency artifacts
introduced during blur, we incorporate a Low-Pass Filtering (LPF) strategy into
the Gaussian convolution process. This regularization smooths overlapping Gaussians
while preserving geometric details, enabling accurate 3D reconstruction under severe

motion blur conditions.

Together, these two modules form a comprehensive solution that extends 3D Gaus-
sian Splatting to support text-driven 3D editing with high view consistency, and motion-
deblurred 3D scene reconstruction with structural stability. The proposed framework elim-
inates the need for iterative dataset updates and achieves robust performance across both

static and dynamic real-world scenarios.

Algorithm 3.1 outlines our approach for efficient 3D editing based on Gaussian Splat-
ting, incorporating both complementary and consensus information. If motion blur is
detected, a low-pass filter is first applied to each 3D Gaussian to suppress high-frequency
noise, followed by motion trajectory estimation and view sampling along this trajectory to
generate sharp intermediate frames. Next, multi-view RGB images and depth maps are
rendered from the original 3D scene. The depth maps are refined using CIMLN to ensure
spatial consistency across views, yielding D*. A diffusion-based editing process is then
performed. Starting from a noisy latent code z7 initialized from the rendered images, the
model iteratively denoises the latent code over T steps. At each step, the model predicts
noise conditioned on the text prompt, timestep, and refined depth. To enhance consis-
tency, we apply Wavelet Consensus Attention (WCA) by decomposing latent features into
frequency bands, aligning them across views using consensus attention, and reconstructing
the aligned latent via inverse wavelet transform. After denoising, the final latent z is
decoded via a VAE to produce edited images 7%, which serve as supervision for optimizing

the original 3D Gaussian scene G, resulting in the edited scene G.
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3.1 Preliminaries

To facilitate the understanding of our proposed 3D editing framework, we first introduce
the frequently used notations and definitions adopted throughout this paper. Establishing
a clear and consistent notation system is crucial for accurately describing the various
mathematical operations, tensor representations, and algorithmic procedures involved in

our method.

In particular, we differentiate between tensors, matrices, and vectors using distinct
typographic conventions to avoid ambiguity and enhance clarity. Specifically, we use:
Calligraphy letters (e.g., A, G, D) to denote high-dimensional tensors or complex data
structures such as 3D Gaussian sets, multi-view image collections, and volumetric repre-
sentations. Bold uppercase letters (e.g., A, R, T) to represent matrices, such as camera
transformation matrices, wavelet decomposition matrices, or feature projections. Bold
lowercase letters (e.g., a, x, t) to denote vectors, including spatial coordinates, translation
vectors, and feature embeddings. Regular lowercase letters (e.g., a, z, t) for scalar values,

indices, or time steps.

To promote consistency, we summarize the key notations used throughout the paper in
Table 3.1, providing their corresponding descriptions and dimensions. This table serves as
a quick reference guide for readers, helping to disambiguate symbols and ensure a coherent

understanding of the mathematical formulations introduced in subsequent sections.

Moreover, the definitions outlined here are essential for understanding the various com-
ponents of our framework, including: the parameterization of 3D Gaussian splats, the
modeling of camera motion through SE(3) transformations, the depth refinement process
in our 3D editing system. By unifying these concepts under a shared notation system,
we ensure that the formulation of our algorithms and the analysis of experimental results
remain clear, precise, and accessible. This notation convention is consistently followed
throughout the entire thesis, covering theoretical derivations, algorithmic descriptions, and

experimental evaluations.
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Table 3.1: Primary notations and corresponding information.

Notation Meaning
A A a Tensor, Matrix, Vector
n Number of samples
Number of views
|- 1|1 [1-norm (sum of absolute values)
|- 2 lo-norm (Euclidean norm)
SE(3) Special Euclidean Group in 3D (rotation + translation)
SO(3) Special Orthogonal Group in 3D (rotation group)
SiLU Sigmoid Linear Unit activation function
LN Layer Normalization
Convld 1D Convolution (temporal or sequence modeling)
Conv2d 2D Convolution (spatial feature extraction)
WT Wavelet Transform
IWT Inverse Wavelet Transform
Vi, Vy Gradient operators along = and y axes
g 3D Gaussian Splatting representation
T Camera pose in SE(3)

Tstart ) Tend

Camera poses at exposure start and end
Text prompt for editing

Depth maps

Rendered RGB images

Edited RGB images

Latent code at timestep ¢ in diffusion

Predicted noise at timestep ¢
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3.2 Efficient 3D Editing based on Gaussian Splatting

with Complementary and Consensus Information

To overcome these limitations, our method eliminates the need for iterative dataset up-
dates, significantly reducing computational costs while improving multi-view consistency.
Instead of relying on iterative refinement, our approach incorporates depth information at

the image editing stage to ensure consistency across different viewpoints.

Since depth maps are rendered from a consistent 3D Gaussian Splatting (3DGS) rep-
resentation, they serve as a reliable structural reference during image modification. By
leveraging depth-aware editing, our method enhances spatial coherence, ensuring that
modifications applied to one view remain consistent when projected into other viewpoints.
This depth-guided approach preserves geometric integrity, minimizes inconsistencies, and

produces more stable and visually accurate edits across the entire dataset.

We achieve these through two key components: (1) CIMLN for precise depth enhance-
ment, and (2) WCA mechanism for latent code alignment in ControlNet as shown in Fig.

3.1.

3.2.1 Reconstruction-Based 2D-3D Lifting Using 3DGS

We adopt the 3D Gaussian Splatting (3DGS) representation for efficient 3D scene

reconstruction, modeled as a mixture of Gaussians:
G = {(0i, i, Ty i) Fisy, (3.1)

where o; > 0 denotes the opacity, p; € R? is the mean position, ¥; € R3*3 is the co-
variance matrix controlling the spatial extent and orientation, c¢; represents the color of
each Gaussian, and N is the total number of Gaussian ellipsoids. Although 3DGS pro-

vides a computationally efficient and differentiable representation for real-time rendering,
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Figure 3.1: Overview of the proposed 3D Gaussian splatting editing system. (a) Multi-
view images M are used to train a 3DGS model, from which the rendered depth and RGB
images can be obtained from a certain viewpoint. (b) Rendered depth maps and RGB
images are processed through Source and Guide branches respectively. Through pixel
mutual learning and downsampling, the system enables self-supervised training. (c) The
framework replaces ControlNet’s image self-attention with WCA to better align images

with reference views.
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directly modifying these parameters often leads to noisy or unstable results, due to the en-
tanglement of geometry and appearance attributes within the Gaussians [17]. This poses

challenges for fine-grained editing tasks.

As illustrated in Fig. 3.1, we first render RGB images R and their corresponding
depth maps D from the optimized 3DGS model. These rendered outputs serve as con-
ditional inputs to ControlNet, enabling depth-aware image editing guided by external text
prompts. However, the depth maps derived from the 3DGS representation typically lack
high-frequency details and suffer from limited accuracy due to the inherent smoothness
of Gaussian-based geometry. This results in inconsistent or artifact-prone editing when

passed directly to ControlNet.

To address this issue, we propose CIMLN for depth map refinement. CIMLN takes
the initial depth maps D and iteratively enhances them through multi-scale feature ag-
gregation, yielding refined depth maps with sharper boundaries and improved structural
consistency. These refined depth maps are critical for ensuring spatial alignment during

conditional generation.

Once the enhanced depth maps D are obtained, we feed them into ControlNet F' along
with the rendered RGB images and a user-specified text instruction p. During the editing
process, DDIM inversion [22] is applied to reverse the diffusion process. Specifically, given
an edited image R, we invert it into its corresponding latent code zy and recover the
intermediate noisy latent code z; at timestep t. The noise prediction at step ¢ is computed
as:

¢! = F(z;t,p, D), (3.2)

and the latent update is:

VI—ay-é
Zt41 = A/ Q12 — Tt + /1 — o€, (3.3)
t

where «; is the noise schedule controlling the trade-off between signal and noise at each

timestep.
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To further enhance the temporal and spatial coherence of the diffusion process, we
introduce WCA, which aligns latent features across different steps in both spatial and
frequency domains. This mitigates feature drift and stabilizes the denoising trajectory.

After applying WCA, the updated noise é! is used to refine the denoising step:

VI—a;-é .
Zt—1 = A/ O_12¢ — Tt —+ 1/ 1-— Ozt,let. (34)
t

Once we obtain the final latent representation zy, it is decoded into the edited image
R through a Variational Autoencoder (VAE) [31] decoder. Specifically, the VAE consists
of an encoder—decoder architecture that models the distribution of natural images within
a learned latent space. The decoder transforms the low-dimensional latent code zy back
into the high-dimensional RGB image space through a learned generative process:

R = Decoder(z). (3.5)

Here, R denotes the edited image. The VAE is trained to accurately reconstruct images
while enforcing a Gaussian prior over the latent space. This regularization encourages
smooth interpolation and ensures that small changes in z; lead to semantically meaningful
variations in the output image. This property is crucial for controlled image editing within

diffusion models.

Finally, the edited images R generated by ControlNet are used to supervise the update
of the original 3DGS model. By optimizing the parameters G to minimize the discrepancy
between the rendered images from the edited 3DGS and R, we achieve 3D-aware edit-
ing that faithfully propagates 2D modifications back into the 3D representation, enabling

consistent rendering from novel viewpoints.

ControlNet

Before detailing our proposed modules, we first introduce ControlNet, the foundational
conditioning mechanism upon which our architecture is built. ControlNet serves as a pow-

erful framework for injecting auxiliary information—such as depth maps or edge cues—into
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diffusion-based models without disrupting their pre-trained weights. As our method adapts
and extends ControlNet to enable depth-guided and view-consistent 3D editing, under-
standing its core principles is critical to contextualizing the modifications we introduce.
Specifically, we modify ControlNet’s internal structure to incorporate our WCA and depth

refinement pipeline, making it well-suited for 3D Gaussian Splatting scenarios.

In particular, we modify ControlNet by replacing its internal self-attention with our
proposed WCA, and adapt it to the 3DGS editing task using dual-branch mutual learning.

To establish this foundation, we briefly describe ControlNet’s mechanism below.

ControlNet injects additional conditions into the blocks of a neural network as shown in
Fig. 3.2. Here,the term network block to refer to a set of neural layers that are commonly
put together to form a single unit of a neural network, e.g., ResNet block, Conv-BN-ReLU

block, multi-head attention block, transformer block, etc.

Suppose F(+;©) is such a trained neural block, with parameters O, that transforms an

input feature map z into another feature map y as:

y = F(z;0). (3.6)

In our setting,  and y are usually 2D feature maps, i.e., x € R"*"“*¢ where h, w, and ¢
denote the height, width, and number of channels in the feature map, respectively (Figure

2a).

As shown in Fig. 3.2, The U-Net architecture of Stable Diffusion is augmented with
a ControlNet, which is connected to both the encoder blocks and the middle block of
the network. The locked (gray) blocks represent the original architecture of Stable Dif-
fusion V1.5 (and V2.1, as both versions share the same U-Net design). To integrate the
ControlNet, additional trainable components (shown as blue blocks) and zero convolution
layers (shown as white blocks) are introduced. These components enable the ControlNet
to guide the diffusion process while preserving the pre-trained parameters of the original

Stable Diffusion model.
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The trainable copy is connected to the locked model via zero convolution layers, de-
noted as Z(+;+). Specifically, Z(;-) represents a 1 x 1 convolution layer with both weights
and biases initialized to zeros. To construct a ControlNet, we use two instances of zero
convolutions with parameters ©,; and ©.,, respectively. The complete ControlNet then

computes:

y=F(z;0)+ Z(F.(r,¢;0,.);0.1) + Z(x;0,2), (3.7)

where F(x;0) represents the locked model, and F.(z,c;©,.) represents the trainable
copy with conditioning input c¢. The zero convolution layers ensure that the additional
pathways initially do not contribute to the output, allowing gradual fine-tuning without

disrupting the pre-trained model.

Dataset Update

It is crucial to update the multi-view image datasets to ensure consistency in 3D recon-
struction. Existing approaches such as IN2N [21] attempt to refine the 3D scene iteratively
until convergence. However, this method lacks an explicit guarantee for maintaining con-
sistency across multi-view images, leading to several challenges. Specifically, IN2N suffers
from instability, slow processing speeds, and significant visual artifacts, particularly in

complex scenes where viewpoint consistency is essential.

More recent methods follow a similar iterative refinement approach but introduces
a different strategy to propagate edits across views. They select a subset of reference
images from the dataset, applies modifications using InstructPix2Pix, and then propagates
these edits to the remaining dataset by blending the projected reference images. While
this blending process helps distribute modifications across views, it does not fully resolve
the multi-view consistency issue and often introduces blurry artifacts, which degrade the

quality of the reconstructed 3D model.
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To address the limitations of prior approaches, our method avoids iterative dataset up-
dates, which significantly reduces computational overhead. Unlike methods such as Gauss-
Ctrl that perform multiple rounds of geometry and appearance refinement, our approach
integrates depth information directly into the image editing process. This encourages cross-
view consistency early on and avoids redundant processing across iterations. Although our
method demonstrates faster convergence in practice, we qualify this by noting that con-
vergence refers specifically to the reduced number of editing steps and optimization passes
needed to achieve consistent multi-view outputs. In our experiments, we observe that
our pipeline converges in fewer editing steps compared to GaussCtrl, while maintaining or

improving visual quality and coherence across views.

Since depth maps are rendered from a consistent 3D Gaussian Splatting (3DGS) rep-
resentation, they serve as a reliable structural reference during image modification. By
leveraging depth-aware editing, our method enhances spatial coherence, ensuring that mod-
ifications applied to one view remain consistent when projected into other viewpoints. This
depth-guided approach preserves geometric integrity, minimizes inconsistencies, and pro-
duces more stable and visually accurate edits across the entire dataset. By integrating
depth information directly into the editing process, our method achieves higher-quality
reconstructions, avoids iterative inefficiencies, and mitigates common artifacts observed in

prior approaches.

3.2.2 Complementary Information Mutual Learning Network

To estimate depth from the 3DGS representation, 3D Gaussians are projected into the
camera space as 2D Gaussians. These 2D Gaussians are globally sorted by depth per
pixel, and the depth estimates D are computed through the discrete volume rendering

approximation:
i—1

D= Zdiai [Ja=ay), (3.8)

iEN j=1
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where d; denotes the depth of the ¢-th Gaussian in view space, and «; denotes its opac-
ity. While this method approximates per-pixel depth effectively, its accuracy is limited in
regions with overlapping Gaussians, where the blending of multiple Gaussians introduces
ambiguity. Moreover, the detailed textures rendered from the Gaussians often introduce
undesirable high-frequency noise into the depth map, leading to artifacts and reduced

precision.

To address these issues and enhance the depth maps rendered by the 3DGS model,
we propose the CIMLN, which is designed to extract sharp structural information from
the depth image while suppressing texture details from the color image. By learning
complementary features from both the rendered depth and RGB images, CIMLN produces
enhanced depth maps with sharper edges, improved geometric consistency, and higher

spatial resolution.

As illustrated in Fig. 3.1 (b), the rendered depth maps D and rendered RGB images R
are sent as inputs to the source branch and guide branch, respectively. Given the inputs
I, € RF*W1 (depth map) and I, € R¥>*"W>3 (RGB image), CIMLN leverages a simplified
State Space Model (SSM) [20,69] within each branch to capture global context and extract

robust features, as shown in the following formulation:

F; = Conv2d(F),

X = SiLU(Conv1d(F;)),

Y = SiLU(Convld(F;)), (3.9)

X; = LN(SSM(X)),

Xout = Linear(X; ©Y),
where F denotes the input feature map, Conv2d and Convid are convolutional layers, SiLU
is the Sigmoid Linear Unit activation function, LN denotes Layer Normalization, and ©
represents element-wise multiplication. SSM effectively captures long-range dependencies
across spatial dimensions, providing a global receptive field that complements the local
feature extraction of traditional convolutional layers. Related proof of ssm can be found

in Appendix A.
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Figure 3.3: Detailed design of Pixel Mutual Learning.

Compared to conventional CNN-based architectures, which are limited by local recep-
tive fields, SSM enhances the model’s ability to capture holistic structural cues and main-
tain global consistency across the depth map. By jointly optimizing the source and guide
branches through mutual learning, CIMLN effectively filters out texture noise from the
RGB image while reinforcing structural edges from the depth map, ultimately producing

a high-quality, refined depth map suitable for downstream editing tasks.

As shown in Fig. 3.3, the guide-to-source and source-to-guide branches exchange fea-
tures through a Pixel Mutual Learning module, which aligns pixel-level information be-
tween RGB and depth. In Fig. 3.3 (a), we first extract a depth Py from source image and
an RGB Uy from guide image, and then perform matrix multiplication for them. A weight
filter is employed to evaluate the correlation value between a pixel in source ps and each
pixel in guide Uy j):

wys? = Softmax ((Ugu,j)) p8> ’

O, =U, . wil

9(4,5)?

(3.10)

The source-to-guide pixel mutual learning follows the same process. Lastly, the convolution

layers and residual blocks are introduced for the final prediction to obtain the output image.

45



Output Image is reconstructed as I,,; for self-supervised training. To ensure high-quality
and structurally consistent outputs, we design the overall training loss as a combination of

pixel-level fidelity and boundary-aware enhancement. The total loss is defined as:
[’total = )\‘CLI + ")/‘Cbaa (311)

where \ and v are weighting coefficients that balance the contributions of each term.

Self-Supervised Cycle-Consistent Learning.

In our setting, acquiring ground-truth high-quality depth maps is often infeasible, espe-
cially for real-world multi-view datasets. To enable self-supervised training under such
conditions, it is essential to enforce structural consistency between the model’s output and

the original input without relying on paired supervision.

To this end, we adopt the principle of cycle-consistent learning, a widely used strategy
in deep learning that encourages reversible transformations between two domains. Specif-
ically, given a data pair (A, B), the model learns a forward mapping from A to B and a
backward mapping from B to A, ensuring that translating A — B — A approximates the
original A. This principle has been effectively applied in dense semantic alignment [70]

and image super-resolution [16] for preserving structure in unpaired settings.

In our framework, we apply cycle consistency to the depth enhancement module by
introducing a loss that enforces alignment between the rendered depth and the rendered
RGB view. The enhanced result is constrained to match the input, thus preserving spatial

fidelity across resolutions.

This design allows our model to be trained in a fully self-supervised fashion, mak-
ing it compatible with unannotated multi-view datasets and promoting reliable geometric

consistency across views.

Importantly, this combined loss enables a fully self-supervised learning paradigm, elim-

inating the need for explicit ground-truth labels. Instead, the framework capitalizes on
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internal consistency through recursive supervision, leveraging previously generated outputs
(Io* ) as pseudo-targets to iteratively refine its predictions. This approach ensures that
the network learns to enhance details and improve fidelity without external annotations.
Additionally, the framework incorporates structural cues extracted from the input I”,
reinforcing spatial coherence and preserving fine-grained textures throughout the learn-
ing process. By integrating the reconstruction loss £, which enforces overall intensity

fidelity, and the boundary-aware loss L;,, which prioritizes edge sharpness and structural

consistency, the model achieves a balance between global accuracy and local precision.

Pixel-wise Reconstruction Loss (£;).

The first component of the loss is the pixel-level L1 loss, which penalizes absolute differences

between the output image I,,; and the ground-truth image I:
L1 = |Tow — I} (3.12)

This term encourages global accuracy in pixel intensities, promoting overall structural
correctness and color consistency. However, L1 loss alone often leads to blurry results,
especially around object boundaries, since it equally penalizes all pixel differences without

emphasizing local edge information.

Boundary-Aware Loss (Ly,).

To specifically enhance edge sharpness and preserve high-frequency details such as object
boundaries, we introduce a boundary-aware loss. This loss operates on the gradient domain,

enforcing consistency between the gradients of the high-quality reference image I" and the

out

intermediate output from the previous stage I?* ;. Formally, it is defined as:

Loy = (V. I" = VI ) o (V,I" =V, I2% ), (3.13)
where:
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e V., and V, denote the first-order derivatives (gradients) along the horizontal and

vertical directions, respectively.

o I" represents the high-quality reference or estimated sharp image, serving as the edge

guidance.

e 1% is the model’s output at the previous iteration or stage, providing a recursive

supervision mechanism.

e (© indicates element-wise multiplication, which amplifies the loss where gradient dif-
ferences occur simultaneously along both axes, emphasizing corner and boundary

regions.

The boundary-aware loss enhances the restoration of fine structures by explicitly min-
imizing the gradient discrepancies between the reference and predicted outputs. Since
image gradients are sensitive to edges, this loss prioritizes accurate recovery of bound-
ary transitions and prevents oversmoothing effects commonly seen in pixel-based losses.
By operating in the gradient domain, £;, ensures that the restored images retain sharp,
well-defined contours and detailed textures, which are critical in high-fidelity 3D scene

reconstructions.

3.2.3 Wavelet Consensus Attention-Based Latent Code Align-

ment

Text-driven image editing with diffusion models has achieved remarkable success in the
2D domain. These models generate high-quality images by iteratively denoising a latent
variable initialized from Gaussian noise. In the context of 3D scene editing, however,
direct application of diffusion models to multi-view renderings leads to view-dependent
inconsistencies, such as color shifts, texture misalignments, or geometric distortions across
different viewpoints. This is because each view is edited independently, with no mechanism

to enforce coherence in the latent space.
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To resolve this, we introduce the Wavelet Consensus Attention (WCA) module, which
aligns the latent representations across different views at every denoising step of the diffu-
sion process. Before detailing WCA, we first explain the underlying principles of diffusion-

based generative modeling and its inversion.

Diffusion models generate images by simulating a Markovian forward process that grad-

ually adds Gaussian noise to the original data over 1" steps:

alxlxi 1) = N (x5 v/T= Booxi 1, BT) (3.14)

where [, is a small noise variance added at timestep t.

By composing these steps, we can express the noisy latent at step ¢t as a closed-form

function of the clean data x:
Xt:\/d_t,XO—i—\/l—@t,G, €NN(0,I), (315)
where a; = [[i = 1'(1 — ).

The goal of the reverse process is to learn a denoising model py(x;—1|x;) that recovers
clean data step-by-step. In practice, we train a neural network to predict the noise €y at

each step by minimizing the following loss:
'Csimple = Exo,e,t UE - Ge(Xt, t)|2] . (316)

During inference, the denoising process is iteratively applied:

1 1-— Qi
= — - — t 3.17
Xi—1 \/Oé_t (Xt \/m? 69<Xt’ )) + OtZ, ( )

where z ~ N (0,I) and o, controls the noise scale at step ¢.

In our 3D editing system, the diffusion model operates in the latent space of a pretrained
variational autoencoder, and is conditioned on the input image R, text prompt p, and depth

map D using ControlNet.

When rendering a 3D scene from multiple viewpoints and editing each view with a

diffusion model, each view has its own latent 2! at timestep ¢. If the editing is done
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independently, these latents may diverge, resulting in: inconsistent object appearance
across views; broken geometry when converting back to 3D; failure to preserve semantic or
photometric coherence. This motivates the need for cross-view alignment of latents during

the diffusion process.

To address this, we propose Wavelet Consensus Attention (WCA)—a cross-view atten-
tion mechanism that aligns latent features across views and across frequency bands at each

diffusion step.
Given a latent 2! from view 4, we first apply a Wavelet Transform (WT):
WT(21) = 210, 20w Zis ZH s (3.18)
where LL captures low-frequency global structures, and LH, HL, HH capture high-
frequency details.

Next, for each frequency band C' € {LL,LH,HL, HH}, we compute cross-view at-

tention as follows:

KT
A = Softmax (Qf/ac) Ve, (3.19)

where Q¢, K¢, V¢ are linear projections of the wavelet-transformed features from different
views. This attention mechanism captures both intra-view and inter-view dependencies
across views. To balance view-specific detail with cross-view consistency, we blend

self-attention with consensus attention using a weighted fusion:
1
Attni =\ Am‘ + (1 - )\) : F ZAi’j’ (320)

where A;; represents self-attention within view ¢, and the second term averages attention
from all other reference views. The weighting factor A € [0, 1] controls the trade-off between

preserving individual view characteristics and enforcing cross-view consistency.

Finally, the aligned wavelet components are merged back into the latent domain via

the Inverse Wavelet Transform (IWT):
£ = TWT(3, 2380, 2360, 200, (3.21)
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After applying WCA to refine the latent code at step ¢, we proceed with the standard
DDIM update:

, VI —aq-é .
Z;—l = VOt 12 — Tt + 4/ 1-— Qg1 et. (322)
t

Here, the refined noise é’ is also computed from the aligned latent using the conditioned

diffusion model.

WCA provides the following key advantages: Frequency-aware alignment: Separates
and harmonizes global style (low-frequency) and fine detail (high-frequency). Cross-view
coherence: Prevents inconsistency and drift across different viewpoints. Efficient and
scalable: Operates on wavelet subbands, reducing computational cost compared to full-

resolution attention.

In summary, WCA enhances the denoising process of diffusion models by enforcing
latent consistency across views in both spatial and frequency domains. By embedding
WCA into the latent update loop, we ensure that the 3D scene edits remain semantically

meaningful, geometrically consistent, and photorealistically coherent across all views.

3.3 Joint 3DGS and Camera Poses Optimization for

Motion Blur Images

The overall pipeline of our method is presented in Fig. 3.4. Given that the exposure
duration 7 is typically short in practical scenarios, we assume the camera undergoes smooth
and continuous motion, which can be well-approximated using a linear motion model in
the Lie group SE(3). This assumption allows us to interpolate camera poses across the
exposure period without introducing complex motion dynamics, while still capturing the

essential geometric transformations that cause motion blur.

A camera pose T € SE(3) is commonly expressed as a 4 x 4 homogeneous transforma-
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tion matrix:

- [ , ReSO(3), teR’ (3.23)
0" 1

where R denotes a 3 x 3 rotation matrix that describes the orientation of the camera, and t
is a 3-dimensional translation vector that specifies the position of the camera in 3D space.
In our framework, we explicitly model two key poses of the camera during exposure: the
initial pose Tare € SE(3), which corresponds to the camera’s state at the beginning of the
exposure time, and the final pose Tenq € SE(3), which defines the camera’s state at the
end of the exposure. These two endpoints fully describe the camera’s motion trajectory

under the linear motion assumption, and serve as anchors for interpolating intermediate

virtual camera poses.

To simulate the continuous motion of the camera throughout the exposure, we inter-
polate between Tga and Tepnq within SE(3) using linear interpolation in the Lie algebra
space. This is accomplished by computing the relative motion between the two poses via
logarithmic mapping, scaling it proportionally to the elapsed time, and mapping it back
through the exponential map. The virtual camera pose at any time t € [0, 7] during the

exposure is therefore defined as:

t _
Tt = Tstart - €Xp (; : 10% (Tstart L. Tend)) s (324)

where 7 represents the total exposure time, and log(-) and exp(-) denote the logarithmic and
exponential maps on SE(3), respectively. This formulation enables smooth interpolation
between the start and end poses, ensuring that the camera motion trajectory is continuous

and geometrically valid across the entire exposure interval.

For practical implementation, we discretize the continuous exposure time into n uni-
formly sampled steps to generate n virtual sharp images along the motion path. The time

ratio % for the i-th sample can be expressed as where ¢ = 0,1,...,n — 1. Corre-

i
n—1’

spondingly, the interpolated pose T; at the i-th time step is computed following the same

interpolation strategy. This discrete sampling process enables us to efficiently approximate
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the continuous integration of sharp images during exposure with a finite sum of rendered

frames at interpolated poses.

A key advantage of this formulation is that the interpolated poses T; are fully differ-
entiable with respect to both Ty and Tenq. This property is critical for gradient-based
optimization, allowing the camera motion parameters to be jointly learned with other
model components through backpropagation. As a result, our method not only simulates
motion blur through realistic camera trajectories but also enables end-to-end optimization
of camera motion, depth estimation, and image restoration within a unified framework.
This seamless integration of differentiable pose interpolation and motion blur modeling
provides strong support for downstream tasks requiring temporally consistent multi-view

supervision and blur-aware image synthesis.

The process of fitting a 3D Gaussian Splatting (3DGS) model shares fundamental sim-
ilarities with the optimization of a Gaussian Mixture Model (GMM) [26]. Both models
aim to approximate a complex data distribution by learning a set of Gaussian components,

where each component encodes localized spatial and appearance information. In the con-

N
=1

text of 3DGS, the scene is represented as a collection of N 3D Gaussian ellipsoids {G;}
each defined by its mean u;, covariance matrix ¥;, opacity o;, and color ¢;. During the
rendering stage, each 3D Gaussian G; is projected onto the image plane, resulting in a

corresponding 2D Gaussian G used for rasterization, as formalized in Eq. 3.25.

Gi = P(Gi) = N (w(wi), JiXaJ;), (3.25)

However, a key challenge in the rendering process arises when the projected 2D Gaus-
sians become extremely small—smaller than the area of a single pixel. Such under-sampling
leads to aliasing artifacts, including flickering and instability during viewpoint changes. To
address this issue, Jung et al. [20] propose an anti-aliasing strategy that ensures the spatial
footprint of each 2D Gaussian covers at least one pixel. This is achieved by regularizing

the projected covariance matrix, specifically by adding a small constant € to its diagonal
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Figure 3.4: Overview of our proposed method. The process begins with the initialization

protocol, where the motion blur images are input into a learning-based SfM [16] module
to generate rough estimates of the point cloud and camera poses, which are the initial
parameters for the 3D Gaussians. Then we perform joint optimization of the Gaussians
and their corresponding camera poses. The optimization process minimizes the L1 loss

and a SSIM term between outputs and real-captured images.

elements, effectively inflating the Gaussian’s scale to meet a minimum threshold. This sim-
ple yet effective solution helps maintain visual stability without significantly compromising

rendering precision.
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Figure 3.5: Analysis of Factory Motion Blur Images in Frequency for Each Channel. The
right image shows the GT image, and the left image is the motion blur image. We randomly
sample a horizontal line from the image marked in red. The graphs visualize the magnitude
of the frequency components of images in R, G, B channels. We observe that the main
difference exists in the high frequency, which will be overfitted during 3DGS training [20)]

and result in artifacts.

In addition to the pixel-scale problem, another important artifact source in 3DGS arises
from the interaction between overlapping Gaussians. As illustrated in Fig. 3.5, when op-
timizing the parameters of Gaussians concentrated within one ellipsoid (or local region),
high-frequency discrepancies can emerge in neighboring regions or overlapping ellipsoids.
This is particularly problematic when the contributions of nearby Gaussians interfere de-
structively, leading to ringing artifacts, sharp discontinuities, or unnatural color transitions.
These high-frequency artifacts are amplified when using high-resolution textures or when

the camera moves rapidly, causing abrupt changes in visibility across Gaussians.
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To mitigate these artifacts, we adopt a low-pass filtering strategy that smooths the 3D
Gaussian components before rasterization. Rather than directly rendering the raw Gaus-
sians, we convolve each 3D Gaussian G; with a predefined isotropic low-pass Gaussian filter
Gr. This operation effectively diffuses the energy of each Gaussian over a slightly larger
region, suppressing high-frequency components and stabilizing the overall appearance of

the rendered scene. The filtered 3D Gaussian is given by:

Gila) = (Gix Gie)o) = [ i = e (=0 = )Tt o= ) (320

where v is a hyperparameter controlling the strength of the smoothing effect, I denotes
the identity matrix, and Gy is the low-pass Gaussian filter applied in 3D space. The
convolution modifies the covariance matrix of the original Gaussian from »; to »; + I,

effectively expanding its spread isotropically while preserving its center p;.

This filtering step offers several advantages. First, it guarantees that the effective sup-
port of each Gaussian remains compatible with the sampling interval of the rasterization
pipeline, preventing excessive blurring while eliminating aliasing-prone high-frequency de-
tails. Second, the smooth transition between neighboring Gaussians reduces the likelihood
of discontinuities and sharp edges, resulting in more photorealistic and temporally stable
renderings. Third, since the convolution operation is differentiable with respect to the orig-
inal Gaussian parameters, it integrates seamlessly into the optimization process, allowing

the filter strength v to be treated as a learnable or tunable parameter.

By integrating this low-pass filtering technique into the 3DGS framework, we achieve
a balance between sharpness and smoothness in the rendered images. The filter effectively
regularizes the spatial frequency content of the Gaussian field, providing robustness to both
local noise and global inconsistencies introduced during training or real-time viewpoint
transitions. In practice, selecting an appropriate value for v is crucial; excessively large
values can oversmooth fine details, whereas small values may fail to suppress artifacts.
Therefore, v is typically chosen empirically based on the resolution of the dataset, the

density of Gaussians, and the desired rendering quality.
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Algorithm 3.1 Efficient 3D Editing based on Gaussian Splatting with Complementary

and Consensus Information
Input: 3D Gaussian scene G, text prompt p, number of editing steps 7', exposure time 7

(if motion blur exists)

Output: Edited 3D Gaussian scene G

1: if motion blur exists then

2: for each Gaussian G; € G do

@

Apply low-pass filter: G; + G; * Gp

4: end for

5: Estimate motion trajectory T(t), t € [0, 7]

6: Sample n sharp views along T(t)

7: end if

8: Render multi-view RGB images R and depth maps D from G
: Refine depth maps with CIMLN:

10: D* + CIMLN(R, D)

Ne}

11: Initialize latent code zr from R and noise

12: fort =T to 1 do

13: Predict noise: e’ = F(z;t, p, D*)

14: Apply Wavelet Consensus Attention (WCA):

15: Decompose z; via wavelet transform
16: Align features across views with consensus attention
17: Reconstruct aligned latent via inverse wavelet transform

18: Update latent code z;_; via DDIM step with aligned noise
19: end for

20: Decode zy via VAE to obtain edited images R

21: Optimize G using R as supervision to obtain G

return G
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Chapter 4

Experiment

4.1 Experiment Setup

For consistent evaluation, we adopted the camera path extraction strategy proposed in
NeRFStudio [51], which provides accurate camera pose estimations and trajectory smooth-
ing across datasets. This standardization ensures that rendered viewpoints, depth maps,
and scene coverage remain comparable across different methods, thereby eliminating po-

tential biases caused by inconsistent camera configurations.

4.1.1 Metrics

To provide a comprehensive assessment of our editing framework, we adopted multiple
evaluation metrics capturing fidelity, perceptual quality, and semantic consistency between
text prompts and visual outputs. The following metrics were employed, along with their

formal definitions:

e CLIPdir [13]: Measures semantic alignment between edits and text prompts via

directional similarity in CLIP embedding space:

<Eedit - Eoriga Etext>

CLIPdir = i
||Eedit - Eorig” : ||Etext||

(4.1)
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e PSNR: Evaluates pixel-level fidelity between generated image I and ground truth
I

gt-

L? 1
PSNR = 101log;, (M—SE> , MSE = T (I — Iy)>. (4.2)

e RMSE: Measures geometric accuracy between predicted depth D and ground truth

Dgt:
1
RMSE = \/W > (D - Dg)>. (4.3)
o LPIPS: Computes perceptual similarity using deep features from a pre-trained net-
work P:

LPIPS = 3 i (D) = (IR, (1.4)

Through the combination of these complementary metrics, we provide a holistic evalua-
tion of our method across geometric accuracy, pixel-level fidelity, semantic consistency, and
perceptual quality. This multi-dimensional evaluation not only verifies the correctness of
our 3D editing process but also demonstrates its robustness across different data domains,
ensuring that our edits remain faithful to textual prompts while preserving high-quality

visual and structural integrity in the rendered outputs.

4.1.2 Efficient 3D Editing based on Gaussian Splatting with Com-

plementary and Consensus Information

Datasets Following the methodology of IN2N [21], we conducted extensive experiments
on several widely used datasets to validate the effectiveness and generalizability of our
approach. The selected datasets include ”Garden” ”Dinosaur” in Mip-NeRF [3], which
offers high-quality anti-aliased neural radiance fields suitable for evaluating geometric
and photometric fidelity; "Bear” and "Horse” inBlendedMVS [63], a large-scale multi-
view stereo dataset designed for dense 3D reconstruction in real-world environments; and

"Face” "Fangzhou” in NeRF-Art [55], a collection of stylized and artistic NeRF-rendered
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scenes, which provides a challenging testbed for evaluating the robustness of editing in
non-photorealistic settings. Together, these datasets cover a diverse range of scenes, mo-

tion patterns, lighting conditions, and rendering complexities, allowing us to systematically

assess the performance of our method across both synthetic and real-world scenarios.

Figure 4.1: Examples of the unedited multi-view images (Bear, Dinosaur, Face, Fangzhou,

Garden, Horse, and Stump) of the experimental datasets following IN2N [21].

Methods To comprehensively evaluate the performance of our proposed framework, we

compare it with several state-of-the-art reconstruction-based 3D editing methods, including
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both NeRF-based and Gaussian-based approaches. The compared methods are summa-

rized as follows:

e IN2N [21]: A NeRF-based editing framework that directly integrates text guidance
into the 3D scene optimization process. IN2N jointly optimizes the radiance field to

match the text prompt while preserving multi-view consistency.

e GS2GS [53]: A Gaussian Splatting-based editing pipeline that transfers edits between
different Gaussian scenes by leveraging shared structural information to maintain

consistency across edits.

e ViCA-NeRF [15]: A viewpoint-consistent NeRF editing framework that enhances
cross-view alignment using cross-attention mechanisms to maintain semantic coher-

ence across views.

e GaussCtrl [61]: A Gaussian Splatting editing method that applies ControlNet-based
guidance to manipulate 3D Gaussian scenes with user-defined prompts, achieving

high-quality edits with relatively fast inference.

These methods represent the current leading approaches for 3D scene editing under
various paradigms, allowing us to thoroughly benchmark our method in terms of accuracy,

perceptual quality, semantic alignment, and computational efficiency.

All experiments were executed on an NVIDIA GeForce RTX 4090 GPU equipped with
24GB of VRAM, utilizing the PyTorch framework for implementation. This hardware
configuration allowed us to train and evaluate large-scale 3D Gaussian Splatting models
with high efficiency, benefiting from CUDA-accelerated tensor operations, automatic dif-
ferentiation, and seamless integration with neural rendering pipelines. The codes of our

3D editing system can be found at https://github.com/sinjinchang/CCGSE.
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4.1.3 3D Gaussian Splatting from Motion Blur Images via Low-
pass Filter

Datasets To further evaluate the effectiveness of our proposed method in handling mo-
tion blur within 3D scenes, we conducted comprehensive experiments on the ExBluRF
dataset [32]. The ExBIuRF dataset is synthetically generated using Blender [!1] and is
specifically designed for benchmarking deblurring and 3D scene reconstruction under signif-
icant camera motion blur. Each scene within the dataset contains a set of 29 motion-blurred
training images, which simulate realistic camera trajectories during exposure, and a set of
5 sharp test images, which are captured without motion blur and serve as ground-truth
references for evaluation. This dataset provides a controlled yet challenging environment

for assessing both 2D deblurring quality and 3D consistency across multiple views.

Methods For fair and thorough comparison, we benchmarked our method against both
traditional single-image deblurring approaches and recent neural radiance field (NeRF)-

based deblurring techniques. Specifically, the compared methods include:

e MPRNet [64]: A multi-stage progressive image restoration network that operates on

single blurry images using a hierarchical encoder-decoder design.

e PVD [18]: A recurrent framework for progressive video deblurring that processes

sequences but can be adapted to single-frame scenarios.

e SRN-Deblur [52]: A scale-recurrent network that restores sharp images through a
coarse-to-fine deblurring pipeline, widely adopted as a baseline in single-image de-

blurring tasks.

e DeblurNeRF [35]: A NeRF-based method that jointly models scene radiance and

motion blur to reconstruct sharp novel views from blurred multi-view observations.

e BADNeRF [58]: A state-of-the-art deblurring radiance field model that explicitly

disentangles motion blur and scene appearance for improved sharp view synthesis.
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For all methods, we follow the same experimental protocol to ensure a fair comparison.
Specifically, the motion-blurred training images from each scene in ExBIuRF are used as
inputs to train or fine-tune the respective models. For single-image deblurring methods
(MPRNet, PVD, SRN-Deblur), each blurred training image is independently processed to
generate a sharp prediction, without exploiting multi-view consistency. For NeRF-based
methods (DeblurNeRF, BADNeRF), the blurred training images are used jointly to opti-
mize the corresponding radiance field or Gaussian field representations, allowing the models

to leverage cross-view information and camera pose supervision during reconstruction.

At test time, we render sharp novel views from the optimized 3D representations and
compare them to the ground-truth sharp test images provided in ExBluRF. Evaluation
is performed on the sharp test views per scene to ensure consistency across methods. To
comprehensively assess the performance of each method, we report the same suite of metrics
described in the previous section, including PSNR, RMSE, LPIPS, and CLIPdir, thereby
capturing fidelity, perceptual quality, reconstruction accuracy, and semantic alignment
with textual prompts where applicable. For reconstruction-based methods, we evaluate the
consistency between edited 2D views and the corresponding renderings from the modified
3D scene by computing image-to-image similarity. This is quantified using the Peak Signal-
to-Noise Ratio (PSNR), which measures the fidelity of the rendered views relative to the

edited inputs.

All experiments are conducted under identical hardware and software settings, utilizing
an NVIDIA RTX 4090 GPU and the PyTorch framework. To ensure reproducibility, hyper-
parameters for each baseline are set according to their respective official implementations
or recommended configurations, and the same random seeds are applied across runs. This
rigorous experimental design guarantees a fair and transparent comparison, allowing us to
isolate the contributions of our complementary and consensus-based Gaussian Splatting
framework in mitigating motion blur and enhancing 3D reconstruction quality. The codes

of our 3D editing system can be found at https://github.com/sinjinchang/LPFGS.
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Figure 4.2: Visual comparison of text-driven 3D editing across different scenes using IN2N

[21], GS2GS [53], and our method.

4.2 Experimental Results of Our 3D Editing Sytem

4.2.1 Qualitative Results

We conducted extensive qualitative evaluations to compare the visual editing effects of
our method against state-of-the-art techniques, including IN2N [21], GS2GS [53], Gauss-
Ctrl [61], and ViCA-NeRF [15]. As shown in Fig. 4.3, the proposed method consistently
produces high-quality images of the bear with superior multi-view consistency. Other meth-
ods, such as GS2GS and VICA-NeRF, struggle to produce multi-view consistent results
after editing.

For example, when applying the text prompt ”Give him a mustache” to the Fangzhou

scene, as shown in Fig. 4.2 and Fig. 4.4, IN2N [21] and ViCA-NeRF [I5] generated
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GaussCtrl - l » - \ OL;rs

Figure 4.3: Visual comparison of prompt "Turn it into a polar bear’. Our method maintains

multi-view consistency for rendered images.

noisy and inconsistent outputs. GaussCtrl yielded better results but introduced significant
style changes, potentially conflicting with user expectations. The supplementary materials
contain an extensive collection of alternative viewpoints and angles of these 3D scenes. Our
method effectively preserved the intended transformation while maintaining background

consistency.

Furthermore, we present additional multi-view images rendered from edited 3DGS using
our method, as shown in Fig. 4.6 and Fig. 4.7. These images exhibit exceptional multi-view
consistency across different viewpoints, further validating the effectiveness of our proposed

modules.

65



“Make it
underwater”

“Turn him into a

Clown”

“Turn it into a

zebra”

"Give him a
mustache”

‘Make it
snowy”

(a) Input i (b) Vica-NeRF (c) GaussCtrl N (d) Ours

Figure 4.4: Visual comparison of text-driven 3D editing across different scenes using Vica-

NeRF [15], GaussCtrl [61], and our method.

4.2.2 Quantitative Results

The quantitative performance of different methods is summarized in Table 4.1 and Ta-
ble 4.2. Table 4.1 reports the average performance across six diverse scenes, capturing a
broad range of geometry, textures, and motion patterns. Our method consistently outper-
formed competing approaches in terms of PSNR, RMSE, and LPIPS, reflecting its superior
capability in both pixel-wise reconstruction accuracy and perceptual quality preservation.
In particular, our method achieved a notable improvement of 1.29 dB in PSNR over the
strong baseline GaussCtrl, indicating a significant reduction in reconstruction error. This
performance gain is attributed to our use of complementary information from RGB and

depth modalities, where depth refinement enhances geometric awareness while RGB tex-
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Figure 4.5: Ablation study on the effect of the proposed CIMLN module.

tures preserve photorealism during the diffusion process. By tightly integrating these
modalities into the editing pipeline, our method produces sharper, more consistent outputs
and avoids common degradation patterns such as over-smoothing, texture misalignment,

and geometric distortions that are frequently observed in competing techniques.

Table 4.2 presents the CLIPdir scores, which measure the semantic alignment between
the provided text prompts and the resulting edited images. Our method consistently
achieved the highest CLIPdir scores across most datasets, demonstrating its strong ca-
pacity to translate textual instructions into accurate and meaningful visual modifications.
This result highlights the effectiveness of our Wavelet Consensus Attention mechanism,
which reinforces cross-view consistency while respecting prompt-driven semantic guidance,
ensuring that edits are not only visually plausible but also semantically faithful. In con-
trast, other methods often failed to localize or interpret the prompt correctly across all

views, leading to incoherent or partial transformations.

In addition to accuracy and semantic alignment, we also assessed the overall editing
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Figure 4.6: Visual comparison of our 3D editing method’s multi-view consistency in Di-

nosaur scenes. Multi-view consistency is well preserved.
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Figure 4.7: Visual comparison of our 3D editing method’s multi-view consistency in Stump
scenes. Color information is consistent across views.
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Figure 4.8: Ablation study on the effect of the proposed WCA module.
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Figure 4.9: Average GPU memory usage across different 2D-3D lifting 3D editing methods.

efficiency to evaluate the practical usability of each method, particularly for real-time or
interactive applications. As shown in Table 4.1, NeRF-based methods such as IN2N and
ViCA-NeRF exhibited substantially higher computational costs due to their reliance on
dense volumetric representations and iterative optimization procedures. These methods
typically require multiple cycles of scene refinement, per-view rendering, and prompt-
guided updates, which cumulatively lead to long processing times, often making them
impractical for time-sensitive tasks. Our method provided a balance between speed and
performance due to the efficiency of the 3D Gaussian Splatting representation. One-time
dataset editing also contributed to faster convergence compared to iterative update meth-

ods like IN2N, GS2GS, and VICA-NeRF.

In contrast, our approach demonstrates a favorable balance between editing speed and
output quality. Benefiting from the inherent efficiency of the 3D Gaussian Splatting repre-
sentation, which directly models scene content as a set of point-based Gaussian primitives,

our method enables fast rendering and rapid edit propagation without the need for ex-
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Figure 4.10: Average editing across different 2D-3D lifting 3D editing methods.

haustive global scene recomputation. Moreover, by employing a one-time dataset editing
strategy, our method avoids the iterative optimization loops seen in methods like IN2N,
GS2GS, and ViCA-NeRF, leading to significantly faster convergence and reduced resource
consumption. As illustrated in Fig. 4.9, our method demonstrates superior GPU efficiency,
consuming significantly less memory than NeRF-based approaches such as IN2N and Vica-
NeRF. This reduced memory footprint makes our method a more practical and efficient
solution for 3D editing tasks. This computational advantage is particularly valuable in
applications requiring frequent or interactive edits, such as AR/VR environments, content

creation workflows, and real-time scene adaptation.

Overall, these quantitative results confirm that our method not only excels in delivering
high-fidelity and semantically accurate edits but also achieves this with greater computa-
tional efficiency, making it a compelling solution for practical, real-world 3D scene editing

scenarios.
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Table 4.1: Quantitative comparison of reconstruction-based methods. The best results are

in bold.

Methods Venue PSNR 1+ RMSE | LPIPS | Time(min) |
IN2N [21] CVPR 2023 42.35 0.492 0.319 ~82
GS2GS [53] arXiv 2024 40.68 0.559 0.402 ~29
ViCA-NeRF [15] NeurIPS 2023  48.21 0.215 0.182 ~61
GaussCtrl [61] ECCV 2024 50.53 0.121 0.205 ~15
Ours - 51.82 0.118 0.145 ~28

4.2.3 Ablation Study

To better understand the contribution of each key component in our framework, we con-
ducted comprehensive ablation studies focusing on two critical modules: the Complemen-
tary Information Mutual Learning Network (CIMLN) and the Wavelet Consen-
sus Attention (WCA). These modules are designed to address common challenges in 3D
Gaussian Splatting-based editing, such as noisy depth estimation and inconsistent appear-
ance across multi-view renderings. By selectively disabling these modules and comparing

the results, we are able to isolate their respective impacts on the final editing quality.

Effect of CIMLN. Depth quality plays a fundamental role in ensuring the spatial con-
sistency and structural accuracy of text-driven 3D edits. To evaluate the effectiveness of
our proposed CIMLN, we conducted ablation experiments on two representative scenes:
the Face scene with the prompt “Make him older” and the Stone Horse scene with the
prompt "Turn it into a giraffe”. As shown in Fig. 4.5, the inclusion of CIMLN leads to visi-
bly improved depth maps, characterized by sharper object boundaries and significant noise
reduction. Without CIMLN, the depth maps exhibit irregularities and blurred transitions
around edges, which propagate into the diffusion editing process, resulting in distorted

geometries and inconsistent textures in the generated RGB images. This often manifests
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Table 4.2: CLIP4;, Comparison of Text-to-Image Consistency. The best results are in bold.

CLIP Text-Image Directional Similarity 1

Scene
IN2N  GS2GS GaussCtrl ViCA-NeRF  Ours

Bear Statue 0.1019  0.1165 0.1388 0.1104 0.1428
Dinosaur 0.1466  0.1490 0.1584 0.0723 0.1654
Garden 0.3027 0.1663 0.2891 0.2903 0.2911
Stone Horse 0.1654  0.1947 0.2268 0.1926 0.2317
Fangzhou 0.1598  0.2032 0.1887 0.1809 0.2153
Face 0.1332  0.1357 0.1503 0.1119 0.1648

as misplaced aging features in the Face scene or incomplete shape transformations in the

Stone Horse scene.

By contrast, when CIMLN is applied, the network successfully leverages complementary
cues from the RGB and depth inputs, filtering out irrelevant texture noise and enhanc-
ing geometric features critical to the edit. The improved depth guidance stabilizes the
conditioning of ControlNet during diffusion-based generation, enabling precise localization
of semantic modifications while preserving background consistency. These results confirm
that high-quality, noise-free depth maps are essential for complex structural edits and that
CIMLN serves as a robust depth enhancement module, leading to superior editing accuracy

and visual fidelity.

Effect of WCA. Multi-view consistency is crucial for 3D scene editing, as incoherent
edits across different perspectives can break the realism and structural integrity of the
reconstructed scene. To assess the impact of our proposed Wavelet Consensus Attention
(WCA) module, we performed ablations on the Stump scene with the prompt ”Make it in
autumn”. As depicted in Fig. 4.8, disabling WCA leads to noticeable inconsistencies in leaf

coloration across views. Without cross-view alignment, the diffusion model applies the au-
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tumnal color transformation unevenly, causing color shifts, patchy foliage, and inconsistent
lighting effects when navigating around the scene. This visual instability severely degrades
the multi-view experience, making the edit appear unnatural and scene coherence difficult

to maintain.

In contrast, when WCA is incorporated, the model effectively aligns the latent repre-
sentations of each view in both spatial and frequency domains. By applying wavelet-based
decomposition, WCA captures low-frequency global appearance attributes, such as overall
color tones and lighting conditions, while preserving high-frequency local details like leaf
textures and branch edges. This alignment ensures that the autumn transformation is ap-
plied uniformly across all viewpoints, yielding a cohesive, seasonally consistent forest scene
with warm, harmonious color grading. The ablation demonstrates that WCA is instru-
mental in enforcing temporal and spatial coherence during multi-view diffusion editing,
eliminating view-dependent artifacts and supporting robust 3D editing under free-view

navigation.

Through these ablation studies, we validate the necessity of both CIMLN and WCA
in achieving high-quality 3D edits. CIMLN enhances geometric reliability through depth
refinement, ensuring accurate structure-aware modifications, while WCA enforces cross-
view appearance consistency, preserving global visual coherence across all perspectives.
Together, these modules address two of the most pressing challenges in 3D scene edit-
ing—spatial accuracy and multi-view stability—establishing our method as a comprehen-

sive solution for realistic, prompt-driven 3D editing tasks.

4.3 Experimental Results of Our Motion Deblur Mod-

ule

To comprehensively assess the effectiveness of our method in handling motion blur in 3D

scene reconstruction and editing, we conducted experiments on the ExBIuRF dataset [32],
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Figure 4.12: Qualitative results of different methods with Pool scene.
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Cozy2room Factory Pool

PSNR1 SSIMT LPIPS| PSNRf SSIM?tT LPIPS| PSNR?T SSIMt LPIPS)

Park 23.82  0.7221 0.2020 21.02 0.5090 0.4193 27.98 0.7258 0.2305
MPR 29.90 0.8862 0.0915 25.07 0.6994 0.2409 33.28 0.8938 0.1290
PVD 28.06 0.8443 0.1315 24.57 0.6877 0.3150 30.38 0.8393 0.1977

SRNDeblur 29.47  0.8759 0.0950 26.54 0.7604 0.2404 32.94 0.8847 0.1045
DeblurNeRF 2596 0.7979 0.1024 23.21 0.6487 0.2618 31.21 0.8518 0.1382
DeblurNeRF* 30.26 0.8933 0.0791 26.40 0.7991 0.2191 32.30 0.8755 0.1345

BAD-NeRF 32.15 09170 0.0547 32.08 0.9105 0.1218 33.36 0.8912 0.0802

Ours 34.42 0.9557 0.0610 32.36 0.9273 0.1171 37.13 0.9595 0.0344

Table 4.3: Quantitative comparison of different methods for Cozy2room, Factory, and Pool

datasets. The best results are in bold.

which is synthetically generated using Blender [1]. ExBIuRF is specifically designed for
benchmarking deblurring performance in scenarios involving camera motion. Each scene
consists of 29 motion-blurred training images and 5 sharp test images that serve as ground
truth for evaluation. The dataset contains diverse scenes with varying textures, geometries,
and motion trajectories, providing a challenging and realistic testbed for 3D deblurring

methods.

We compare our method against a range of state-of-the-art baselines, including both
single-image deblurring techniques and NeRF-based multi-view deblurring methods. The

compared baselines include:

e MPRNet [64]: A progressive image restoration model that operates on single blurred

images using a multi-stage architecture.

e PVD [18]: A recurrent video deblurring framework capable of handling temporal
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Tanabata Wine Average

PSNRf{ SSIMT LPIPS] PSNRf SSIMftT LPIPS| PSNRft SSIM{T LPIPS]

Park 17.91  0.4637 0.4030 19.96 0.5610 0.3222 22.14 0.5963 0.3154
MPR 22.60 0.7203 0.2507  26.24 0.8356 0.1762 2742 0.8071 0.1777
PVD 22.54 0.6872 0.3351 2444 0.7746 0.2600 26.00 0.7666 0.2519

SRNDeblur 23.20 0.7274 0.2438 25.36 0.8119 0.1618 27.50 0.8121 0.1691
DeblurNeRF 2246 0.6946 0.2455 2494 0.7923 0.1766  25.56 0.7571 0.1849
DeblurNeRF* 2456 0.7749 0.2166 26.24 0.8254 0.1671 27.95 0.8336 0.1633

BAD-NeRF 27.88 0.8642 0.1179  29.25 0.8892 0.0833 30.94 0.8946 0.0916

Ours 30.28 0.9316 0.0780 32.55 0.9503 0.0374 33.35 0.9448 0.0656

Table 4.4: Quantitative comparison of different methods for Tanabata, Wine, and Average

datasets. The best results are in bold.

coherence, adapted here for single-frame restoration.

e SRN-Deblur [52]: A widely-used scale-recurrent architecture for single-image deblur-

ring using a coarse-to-fine strategy.

e DeblurNeRF [35]: A NeRF-based approach that jointly models motion blur and scene

radiance, enabling sharp novel view synthesis from blurred multi-view inputs.

e BADNeRF [58]: A recent NeRF-based model that disentangles motion blur and

appearance features to enhance deblurring performance in radiance fields.

4.3.1 Qualitative Results.

As shown in Fig. 4.11, we observe clear differences between single-image and multi-view

methods. Single-image deblurring methods such as MPRNet, PVD, and SRN-Deblur strug-
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gle to effectively remove motion blur in complex 3D scenes. These methods tend to produce
over-smoothed results with residual blur, failing to restore fine structures and sharp object
boundaries. This is expected, as they lack multi-view geometric consistency and cannot
leverage cross-view correlations, which are essential in handling large 6-DoF camera mo-

tions common in ExBluRF scenes.

NeRF-based approaches, including DeblurNeRF and BADNeRF, exhibit superior de-
blurring capabilities by jointly modeling scene geometry and appearance from multiple
views. These methods better restore structural details and reduce motion artifacts. How-
ever, they often suffer from inconsistent high-frequency details and may introduce ringing

artifacts due to limitations in radiance field representations under severe blur.

In contrast, our method achieves the best qualitative performance, generating sharp,
high-fidelity reconstructions with clean edges and minimal artifacts. The advantages stem
from the inherent efficiency of the 3D Gaussian Splatting (3DGS) representation, which
allows explicit control over the spatial extent of each Gaussian. Moreover, the incorporation
of a low-pass filtering mechanism into the Gaussian convolution stage helps to suppress
high-frequency noise and aliasing artifacts during Gaussian expansion, ensuring smooth

transitions and visually coherent deblurring results across views.

4.3.2 Quantitative Results

The quantitative evaluation is summarized in Table 4.3 and Table 4.4, where we report
performance on PSNR (Peak Signal-to-Noise Ratio), SSIM (Structural Similarity Index
Measure), and LPIPS (Learned Perceptual Image Patch Similarity). Across most scenes
and metrics, our method ranks the highest, demonstrating its robustness and generalization

across diverse motion blur patterns.

In particular, our method surpasses the second-best baseline, BADNeRF, by a sub-
stantial margin of 3.77 dB in PSNR, confirming its superior reconstruction fidelity. The

gains in SSIM further reflect improvements in structural coherence, while lower LPIPS
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scores indicate that our outputs are perceptually closer to the sharp ground truth. Single-
image deblurring methods (Park, MPR, PVD, and SRNDeblur) perform significantly worse
across all datasets. These methods lack explicit 3D scene modeling and multi-view con-
straints, which leads to inconsistent restorations in complex scenes with large motions and
occlusions. For example, MPR achieves only 29.90 dB PSNR on the Cozy2room dataset,
while our method improves this by 4.52 dB. While NeRF-based approaches (DeblurNeRF,
DeblurNeRF*, and BAD-NeRF) leverage multi-view consistency, they still suffer from lim-
itations in preserving high-frequency details and global consistency under severe motion
blur. Among them, BAD-NeRF performs best, achieving 32.15 dB PSNR on Cozy2room,
yet our method surpasses it by a clear margin of 2.27 dB. Additionally, our LPIPS score
of 0.0344 on the Pool dataset demonstrates that our method produces perceptually more
faithful results compared to BAD-NeRF’s 0.0802. These results collectively demonstrate
that our method not only excels in reducing pixel-wise errors but also preserves high-level

perceptual quality and geometric consistency.

The strong performance of our approach can be attributed to several key design choices.
First, the use of 3DGS provides a flexible and efficient point-based scene representation that
handles motion blur through spatially-aware Gaussian modeling. Second, the low-pass fil-
tering applied during the Gaussian convolution stage effectively attenuates artifacts caused
by rapid motion and dense overlaps of Gaussians, which are common in heavily blurred
regions. Finally, our pipeline naturally benefits from the complementary use of depth in-
formation and multi-view constraints, which stabilize reconstruction and ensure temporal

consistency, outperforming both single-frame and volumetric NeRF-based baselines.

In summary, the experimental results on ExBIuRF validate the capability of our method
to deliver high-quality deblurred 3D scenes with superior accuracy, perceptual quality, and

computational efficiency.
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Cozy2room Factory Pool

PSNR1 SSIM{ LPIPS| PSNR{ SSIM{ LPIPS| PSNR{ SSIM{ LPIPS]

w/o LPF 33.68 0.9521 0.0258 31.88 0.9270 0.0952 36.95 0.9434 0.0425

Ours 34.42 0.9557 0.0610 32.36 0.9273 0.1171 37.13 0.9595 0.0344

Table 4.5: Ablation Study on Effects of Low-pass Filter for Cozy2room, Factory, and Pool
datasets. The best results are in bold.

Tanabata Wine Average

PSNRT SSIMt LPIPS, PSNR{ SSIMt LPIPS, PSNRt SSIMt LPIPS]

w/o LPF 29.12 0.9281 0.1464 29.25 0.9392 0.0833 32.17 0.9380 0.0787

Ours 30.28 0.9316 0.0780 32.55 0.9503 0.0374 33.35 0.9448 0.0656

Table 4.6: Ablation Study on Effects of Low-pass Filter for Cozy2room, Factory, and Pool
datasets. The best results are in bold.

4.3.3 Ablation Study

To evaluate the effectiveness of the proposed low-pass filter (LPF) in handling motion blur
and stabilizing 3D Gaussian Splatting representations, we conducted ablation experiments
on six diverse datasets: Cozy2room, Factory, Pool, Tanabata, Wine, and the overall Average
across all scenes. The quantitative results are presented in Table 4.5 and Table 4.6 compare
the performance of our full method (with LPF) against its variant without the low-pass
filter (w/o LPF). We report standard evaluation metrics, including PSNR (higher is better),
SSIM (higher is better), and LPIPS (lower is better).

As shown in Table 4.3, on the Cozy2room, Factory, and Pool datasets, our method

achieves superior performance in most metrics. Specifically, for Cozy2room, the LPF-
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equipped model improves PSNR from 33.68 dB to 34.42 dB and SSIM from 0.9521 to
0.9557, indicating better reconstruction accuracy and structural similarity. Although the
LPIPS score slightly increases from 0.0258 to 0.0610, the improvement in PSNR and SSIM
demonstrates that LPF helps enhance global image quality while maintaining high struc-
tural fidelity. Similarly, in the Pool dataset, our method improves PSNR and SSIM while
achieving a better LPIPS score (reduced from 0.0425 to 0.0344), demonstrating improved

perceptual quality.

Table 4.4 presents results on the Tanabata, Wine, and Average performance across
all datasets. Our method consistently outperforms the baseline w/o LPF variant in all
metrics. In the challenging Tanabata scene, LPF improves PSNR by 1.16 dB and reduces
LPIPS from 0.1464 to 0.0780, reflecting significant perceptual enhancement. For Wine, the
improvement is even more pronounced, with PSNR increasing from 29.25 dB to 32.55 dB
and LPIPS nearly halving from 0.0833 to 0.0374. Overall, our method achieves an average
PSNR of 33.35 dB and LPIPS of 0.0656, surpassing the w/o LPF variant (32.17 dB PSNR
and 0.0787 LPIPS), confirming the generalization and robustness of LPF across diverse

scenes.

These results demonstrate that the low-pass filter plays a crucial role in suppressing
high-frequency artifacts introduced during Gaussian expansion under motion blur condi-
tions. By regularizing the covariance of Gaussians and mitigating aliasing effects, LPF
ensures smoother blending of Gaussians and improves both the numerical and perceptual
quality of rendered images. In particular, LPF is especially beneficial in scenes with strong
motion blur or fine structural details, where high-frequency noise can severely degrade re-
construction quality. Therefore, incorporating LPF into our 3DGS pipeline is essential for

achieving high-fidelity, artifact-free 3D scene editing under motion blur scenarios.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this work, we presented a novel and efficient framework for 3D scene editing based on the
3D Gaussian Splatting (3DGS) representation, with a particular focus on tackling motion
blur, depth refinement, and multi-view consistency in text-driven 3D editing scenarios.
Our approach systematically addresses several fundamental challenges in 3D-aware edit-
ing pipelines by integrating three key innovations: depth enhancement, cross-view latent

alignment, and motion-blur-aware 3D reconstruction.

First, we eliminated the Iterative Dataset Update (IDU) strategy used in previous
2D-3D lifting-based editing methods, significantly reducing computational complexity. To
maintain multi-view consistency, we leveraged multi-view consistent depth maps rendered
from 3DGS, which serve as geometric priors for multi-view image editing. To further re-
fine depth quality, we introduced the Complementary Information Mutual Learning
Network (CIMLN), designed for robust depth map enhancement. CIMLN effectively
integrates complementary cues from RGB images and their corresponding depth maps, sup-
pressing texture noise while enhancing geometric edges. This refinement produces sharper,

more reliable depth estimates, which are crucial for providing accurate geometric guidance
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during diffusion-based editing. By stabilizing the editing process and preserving structural

integrity, CIMLN ensures precise and consistent 3D scene modifications.

Second, we designed the Wavelet Consensus Attention (WCA) mechanism to
enforce cross-view consistency during multi-view editing. By aligning latent codes across
spatial and frequency domains through wavelet decomposition, WCA ensures that edits
are coherently propagated across all viewpoints. This prevents view-dependent artifacts,
such as color drift or structural inconsistency, and guarantees globally consistent scene

modifications under arbitrary camera trajectories.

Third, we introduced a dedicated module for 3D Gaussian Splatting from motion-
blurred images via a low-pass filtering strategy. By convolving 3D Gaussians with
isotropic low-pass filters prior to rasterization, we effectively suppress high-frequency noise
and aliasing artifacts induced by severe motion blur. This filtering mechanism not only
improves the stability of Gaussian representations under motion but also ensures smooth
blending of overlapping Gaussians, leading to higher-quality 3D reconstructions from blurred

multi-view inputs.

Through extensive experiments on diverse datasets such as ExBluRF, Mip-NeRF', Blend-
edMVS, and NeRF-Art, we validated the superiority of our method over existing base-
lines. Quantitative results showed consistent improvements in PSNR, SSIM, LPIPS, and
CLIPdir, while qualitative visualizations confirmed that our framework produces high-
fidelity, semantically aligned, and temporally stable 3D edits. Furthermore, the inherent
efficiency of the 3DGS representation, combined with our one-time editing strategy, deliv-
ers fast convergence and low computational overhead, making our approach highly suitable
for practical applications in fields like augmented reality (AR), virtual reality (VR), digital

content creation, and interactive design.

Looking ahead, we plan to extend our framework to support more interactive and
controllable editing paradigms. Beyond text-driven modifications, we aim to explore mul-

timodal editing inputs such as sketches, gestures, and region-specific constraints, enabling
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users to intuitively specify both local and global modifications with fine-grained control.
Further research directions include extending our method to dynamic scenes with tem-
porally consistent editing, supporting continuous scene updates in video sequences, and
developing adaptive Gaussian representations that adjust dynamically to scene complex-
ity. Through these efforts, we aim to build a general-purpose, real-time, and user-friendly
3D editing platform capable of handling complex scene modifications with minimal latency

and maximum creative freedom.

5.2 Future Work

While the proposed methods have demonstrated promising results in enhancing the qual-
ity, consistency, and efficiency of 3D Gaussian Splatting (3DGS)-based scene editing and

reconstruction, several directions remain for future exploration.

Dynamic Scenes: Although our text-driven editing framework improves multi-view
consistency and depth-aware editing, extending its capabilities to handle dynamic scenes
with moving objects and temporal coherence remains an open challenge. Integrating mo-
tion information and temporal constraints into the editing pipeline could enable robust,

frame-consistent 3D editing in video sequences or time-varying environments.

Multi-Modal Guidance: Our method currently relies on high-quality text prompts
and well-aligned multi-view data. In future work, we aim to explore multi-modal guidance,
such as combining textual descriptions with sketch inputs, user-provided masks, or spatial

constraints, to provide more controllable and intuitive editing experiences.

Motion-Blurred Reconstruction: While our approach effectively mitigates blur
and refines camera trajectories, its performance may degrade under extreme blur or severe
pose inaccuracies. Future research could investigate self-supervised pretraining strategies

or adaptive blur modeling to further improve robustness in such cases.

Object-Level Editing: Current methods primarily focus on scene-level modifications,
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but object-level editing remains an important challenge. Enabling precise manipulation of
individual objects, such as repositioning, relighting, or replacing them based on textual or
user-specified constraints, would greatly enhance flexibility. Future work could incorporate
segmentation-based object disentanglement and neural rendering techniques to facilitate

fine-grained object-level control.

Scalability: An important consideration for deploying 3DGS-based editing in large-
scale or outdoor environments is efficient memory management, hierarchical scene represen-
tations, and hybrid techniques that combine Gaussians with other neural representations
(e.g., meshes or point clouds). These strategies could support editing of complex, expansive

scenes while maintaining real-time performance.

Through these future directions, we hope to push the boundaries of 3D scene editing

towards greater flexibility, robustness, and real-world applicability.
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APPENDICES

A Proof of State Space Model

To rigorously establish the properties of Mamba’s Selective State Space Model (SSM), we
provide a detailed mathematical derivation below. This proof elucidates the model’s ability

to handle long-range dependencies while maintaining computational efficiency.

1. Continuous-Discrete Time Conversion

The SSM originates from linear time-invariant (LTT) systems described by continuous-time

differential equations:
B'(t) = Ah(t) + Bx(t) (1)

y(t) = C h(t)

Discretization using zero-order hold (ZOH) with step size A; yields:
Kt = €AtAt (2)
Et - (AtAt)_l(eAtAt — I)AtBt (3)
The discrete SSM becomes:

hi = Ahy 1 + By, (4)

Y = CtTht (5)
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2. Selective Parameter Projection
Mamba’s innovation lies in making parameters input-dependent through learned projec-
tions:

[A;, By, C;] = Linear(z,) € RV +! (6)

A, = —exp(Linear(z,)) € RV*Y  (ensuring stability) (7)

where N is the state dimension. This allows dynamic adaptation to input characteristics
through:

A, = eAA = diag(eft® . eAreN) (8)

3. Convolutional Representation

Unrolling the recurrence reveals an equivalent convolutional form:

he=>_ ( 11 Ki) By, (9)

k=0 \i=k+1

k=0 \i=k+1

This can be expressed as a causal convolution:

t
y=Kxz where K,=C/ (HKZ> B, (11)
i=1

4. Computational Complexity Analysis

The model achieves O(L) complexity through:

Recurrent Mode:

FLOPs = L(3N? + 2N) o< O(L) (12)
Convolutional Mode: Using Fast Fourier Transform (FFT):
O(Llog L) but requires O(LN) memory (13)
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5. Stability Guarantees
The exponential parameterization ensures eigenvalues of A, lie within the unit circle:

IN(AY)| = |e2] = eARe@) < 1 when Re(a;) < 0 (14)

This guarantees asymptotic stability through the Lyapunov condition:

AP+ 0:A, PA,—P <0 (15)

6. Selective Information Filtering

The input-dependent parameters implement differentiable gating:

Retention Rate: v = o(W,ay) (16)

Forgetting Rate: ¢y = (W) (17)

These modulate the state update through:

he =7 © (Aghi—1) + ¢ © (Byy) (18)

7. Parallel Scan Implementation
The recurrence can be parallelized using associative scans:

hl:L = Scan((KlzLaﬁlsLxlzL)) (19)
Implemented through a binary tree reduction with:

This achieves O(log L) depth parallelism while maintaining numerical stability through

exponentiated A matrices.
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8. Expressivity Analysis

The SSM can approximate any linear time-varying system through:

t t
H Ayl ho+ Z CtT
k=1 k=1

t

II &

i=k+1

Yy = Cl—fr Ekl’k (21)

The product term enables modeling exponentially decaying memory with rates:
t t
Hi = H A; =exp (Z AiAi> (22)
i=k i=k

This mathematical formulation demonstrates that Mamba’s Selective SSM achieves:

Linear time complexity through parallel scans

Long-range dependency modeling via stable recurrence

Input-adaptive filtering through parameter projection

Formal stability guarantees via exponential parameterization

The combination of these properties establishes Mamba as both theoretically sound

and computationally efficient for sequence modeling tasks.
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B Additional Images

Figure Al: Multi-view images rendered from the edited 3D Gaussian Splatting (3DGS)

model using the text prompt: ”Turn it into a giraffe.”
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Figure A2: Multi-view images rendered from the edited 3D Gaussian Splatting (3DGS)

model using the text prompt: ”"Turn it into a tiger.”
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3DGS)

(

view images rendered from the edited 3D Gaussian Splatting

Multi-

Figure A3:

model using the text prompt: ”Give him a pair of glasses.”
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