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Abstract

In this thesis, we focus on 3D scene inpainting, where parts of an input image set, cap-
tured from different viewpoints, are masked out. The main challenge lies in generating
plausible image completions that are geometrically consistent across views. Most recent
work addresses this challenge by combining generative models with a 3D radiance field to
fuse information across a relatively dense set of viewpoints. However, a major drawback
of these methods is that they often produce blurry images due to the fusion of inconsis-
tent cross-view images. To avoid blurry inpaintings, we eschew the use of an explicit
or implicit radiance field altogether and instead fuse cross-view information in a learned
space. In particular, we introduce a geometry-aware conditional generative model, capa-
ble of multiview consistent inpainting using reference-based geometric and appearance
cues. A key advantage of our approach over existing methods is its unique ability to in-
paint masked scenes with a limited number of views (i.e., few-view inpainting), whereas
previous methods require relatively large image sets for their 3D model fitting step. Em-
pirically, we evaluate and compare our scene-centric inpainting method on two datasets,
SPIn-NeRF and NeRFiller, which contain images captured at narrow and wide baselines,
respectively, and achieve state-of-the-art 3D inpainting performance on both. Addition-
ally, we demonstrate the efficacy of our approach in the few-view setting compared to

prior methods.
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Chapter 1

Introduction

Image inpainting is a long-standing problem in computer vision and graphics [3]. In con-
trast to unconditional generation, inpainting is constrained by the conditioning input: any
output must both be visually plausible and match the partial content. The problem of in-
painting 3D scenes has recently grown in popularity (e.g., [48, 64]) due to the advent of
powerful novel view synthesis (NVS) models. Such models are usually implemented as
scene models capable of differentiable rendering, e.g., neural radiance fields (NeRFs) [46]
or 3D Gaussian splatting (3DGS) [29]. For both NVS and 3D inpainting, the input scene
is implicitly represented through a posed set of images; hence, we may consider the equiv-
alent problem of “multiview inpainting”, which provides a natural interface between 2D
image inpainting and 3D NVS.

Multiview (3D) inpainting is significantly more constrained than even the 2D case: in-
painted scene content must be geometrically realistic and exhibit cross-view consistency.

In other words, novel image content in one view not only must be plausible from a dif-



ferent viewpoint, but also have the same visual content, with only physically sensible
view-dependent effects. Cross-view consistency is particularly critical when leveraging
2D image inpainters that, by default, are neither aware of the 3D scene structure nor the
current state of inpainted content in other images; unsurprisingly, this results in incon-
sistent scene content. Yet, we still seek to exploit the powerful generative priors learned
by 2D inpainters, as the paucity of 3D scene data prevents training inpainters that oper-
ate directly in 3D to the same level of quality. This problem is likely exacerbated with
increasingly powerful generative inpainters which tend to hallucinate even more aggres-
sively [47]. Thus, how can we balance per-view image quality with consistency across
views?

A common approach, often used in NeRF editing (e.g., [85]), is to fuse information
across views via 3D radiance fields. A cyclic process, such as iterative dataset update
(IDU) [19] or score distillation sampling (SDS) [53], is then used, whereby images are
edited, used to inform the fitting process of the NVS model, and NVS renders (which
combine information across views) assist with new edits. While this approach ensures
consistency via the integrated 3D radiance field, it has a few shortcomings: (i) a tendency
towards blurry outputs and (ii) a reliance on the radiance field, which presents inherent
difficulties of its own. The blur in (i) is, in part, due to the fusion happening in pixel space,
while the downsides of (ii) include the need for accurate camera parameters with sufficient
view coverage.

In this thesis, we resolve these problems by fusing cross-view information in a learned
space, during a generative diffusion process, and eschewing the necessity of a 3D radiance

field, though we can optionally choose to use one as a separate post-fitting step. We further



reduce the tendency of generative inpainters to over-hallucinate, a common cause of 3D
inconsistencies, by conditioning them on the 3D scene structure. In particular, we devise
a geometry-aware conditional diffusion model, capable of inpainting multiview-consistent
images based on geometric and appearance cues from reference images. One key capabil-
ity of our model is the handling of uncertain or partial scene information (e.g., missing due
to occlusions and viewpoint changes). Since existing 3D and multiview datasets are lim-
ited in comparison to 2D datasets, we construct an approach for simulating multiview data
from single-view images. We integrate our model into a 3D scene inpainting algorithm,
performing 3D-consistent propagation of image content across views. Unlike inpainters
based on 3D radiance fields, which fuse inconsistencies in appearance space and thus in-
duce blur, our method fuses cross-view information via the generative model, resulting in
sharper outputs even when a NeRF is fit to our final inpainted results.

Our approach makes several key contributions: We develop a geometry-aware condi-
tional inpainting diffusion model that leverages 3D scene geometry to achieve multiview
consistency without requiring explicit 3D radiance field representations. The model con-
ditions on both appearance and geometric cues projected from reference views, enabling
direct cross-view information transfer while maintaining sharp, high-quality outputs. It in-
corporates a hierarchical confidence-based fusion mechanism that combines information
from multiple reference views using learned confidence masks that account for occlusions
and geometric reliability. We design an autoregressive inpainting framework for large
baselines that selects a key-view subset for initial content generation, then propagates in-
formation to remaining views, enabling effective handling of large camera baselines. We

develop a method for creating synthetic multiview training data from single-view images
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Figure 1.1: Visualization of our target inpainting tasks. We target three tasks: (i) narrow-
baseline object removal, (i1) wide-baseline scene completion and (iii) few-view inpainting.
Here, we show examples of our inputs and corresponding outputs for each task.

using depth estimation and mesh rendering, addressing the scarcity of multiview datasets
for training geometry-aware inpainting models. Additionally, we introduce and evalu-
ate the challenging problem of few-view inpainting, demonstrating that our approach can
achieve consistent results even with extremely sparse view coverage where traditional ra-
diance field-based methods fail.

In this thesis, we target three main inpainting tasks: narrow-baseline object removal,
wide-baseline scene completion, and few-view inpainting. Most previous work focuses on
the first task, the second one is a recent addition, and the third task has not been extensively
explored with recent innovations. Fig. 1.1 provides a visualization of each of our target
tasks.

We evaluate our multiview inpainter on two established benchmarks for 3D inpainting,
SPIn-NeRF [48] and NeRFiller [85], which contain narrow and wide baselines, respec-

tively, and achieve state-of-the-art 3D inpainting performance on both. A conference paper



based on the work presented in this thesis has been accepted to the British Machine Vision
Conference (BMVC) 2025 for presentation. Please see our project page for visualizations

of results: https://geomvi.github.io.
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Chapter 2

Background and Related Work

This chapter provides the technical foundation necessary to understand our approach to
geometry-aware multiview inpainting. We begin in Sec. 2.1 by introducing diffusion mod-
els, the generative framework that underpins our method, covering their fundamental pro-
cesses, training objectives, and conditional generation capabilities. We then examine in
Sec. 2.2 how 2D diffusion priors have been adapted for 3D inpainting tasks, highlight-
ing the challenges of multiview inconsistency and existing approaches to address them.
Next, in Sec. 2.3 we survey 3D scene editing techniques, with particular focus on in-
painting methods that leverage radiance fields and diffusion models. In Sec. 2.4 we dis-
cuss reference-conditioned generative editing approaches that enable consistent generation
across multiple views, and in Sec. 2.5 we examine iterative and autoregressive generation
paradigms for 3D content creation. Finally, in Sec. 2.6 we provide a detailed technical
overview of DUSt3R, the scene geometry estimation method that serves as a key com-

ponent of our approach. Together, these topics establish the conceptual and technical



groundwork for our geometry-aware multiview inpainting algorithm that achieves con-
sistent multiview inpainting without requiring dense view coverage or explicit 3D model

fitting.

2.1 Diffusion Models

Diffusion models [13, 22, 23, 67, 69] are a class of generative models that learn to in-
vert a fixed noising process, progressively transforming random noise into structured data.
This section covers the fundamental concepts of diffusion models, starting with the basic
forward and reverse processes, followed by training objectives and inference procedures.
We then discuss conditional generation through classifier-free guidance and conclude with

latent diffusion models, which enable efficient high-resolution synthesis.

2.1.1 Denoising Diffusion Probabilistic Models

The diffusion framework consists of two complementary processes: a forward process that
gradually adds noise to a clean data sample until it becomes pure random noise, and a re-
verse process that learns to remove this noise step by step to recover the original data. Both
processes are illustrated in Fig. 2.1. Originally introduced in discrete time as denoising dif-
fusion probabilistic models (DDPMs) [23], the framework has since been generalized to
continuous-time formulations using stochastic differential equations (SDEs) [69].

Given a data sample, xo ~ ¢(Xg), the forward process progressively adds Gaussian

noise to a data point over time, resulting in a noise distribution, typically standard Gaus-



Fixed forward diffusion process

Noise

Generative reverse denoising process

Figure 2.1: Illustration of the diffusion process in DDPMs. The forward process gradually
adds Gaussian noise to a data sample over multiple timesteps until the signal becomes
indistinguishable from pure noise. The generative model learns to reverse this process,
starting from noise and iteratively denoising to recover a coherent data sample. © NVIDIA
Corporation. Reprinted from [77].

sian. In the DDPM formulation, the forward process is defined as a Markov chain:

q(x¢ [ x—1) = N (x5 /1 = B x4, Be]D), (2.1)
where t € {1,...,T} is the diffusion timestep and f3; is a predefined variance schedule.

The final step closely approximates an isotropic Gaussian distribution, i.e., X; ~ pr ~

N(0,T). The forward process admits a closed-form marginal distribution at any timestep:

q(x¢ | x0) = N (x¢; Var %o, (1 — a)D), (2.2)

with oy = Hizl(l — fBs). In other words, using the reparameterization trick [30], we can

sample x; at any timestep ¢ directly from x, as:

X = Vayxg+ V1 —aze, e~ N(0,I). (2.3)

The generative process aims to learn the reverse of this diffusion, effectively denois-



ing from xp back to xy. The reverse process is also a Markovian chain consist of small

Gaussian denoising steps, parameterized by 6:
p@(xtfl ’ Xt) = N(thl; Ho (Xt7 t)a 0-1‘,2]1)7 (24)

where o2 denotes the variance of the noise added at timestep ¢, and p, is a neural network.

Usually, o7 is also predefined and equals to (1 — a;), similar to the forward process.
Instead of directly regressing the mean using pt,, the model is often trained to predict

the noise component added in the forward process using the noise estimation model, €g.

The predicted mean is then reparameterized as:

B

1
I’I’H(Xt7t) = (Xt - m
- e

Nie €0 (xy, t)) . (2.5)

To train the model, the objective is to minimize the difference between the true noise
added during the forward process and the noise predicted by the model. This leads to the

simplified loss function, commonly referred to as the “simple loss™:

= — 2
£simple(6) = Exowq(xo),€~N(0,]I),t~u(1,T) |:H5 - 69(\/06_,5)(0 +VI1I—ay €, t)H i| ) (26)

where ¢ is the Gaussian noise added to the clean sample, %, to obtain x;. The expectation
is taken over data samples, noise, and diffusion timesteps.

During inference, the model starts with pure Gaussian noise, xp ~ N (0,1), and iter-
atively applies the learned reverse diffusion process to generate a data sample. At each

timestep, ¢, the model predicts the noise component, €4(x;, t), and computes the denoised



estimate, x;_1, using the parameterized reverse process. This iterative denoising continues

until reaching x,, which represents the generated data sample.

2.1.2 C(lassifier-Free Guidance

For conditional generation tasks, classifier-free guidance [22] enables conditioning the
generation process without relying on an external classifier [13]. This is achieved by
jointly training the model on conditional and unconditional objectives, enabling extrapola-
tion from the unconditional prediction toward the conditional prediction during sampling.
Mathematically, the guided noise estimate is computed as a weighted combination of the

conditional and unconditional noise estimates:

GgFG(Xt,t |y) == €o(Xe,t | @) + 7 (€9(x4, | y) — €a(x¢, T | D)), (2.7)

where v is the guidance scale that controls the strength of the conditioning, y is the con-
ditioning signal, and @ denotes the unconditional generation. By adjusting the guidance
scale, 7y, one can balance between sample fidelity and diversity, effectively controlling the
influence of the conditioning information during inference. More specifically, the guid-
ance scale, -y, provides intuitive control over the generation behavior: v = 0 results in pure
unconditional generation, v = 1 corresponds to pure conditional generation, and v > 1
penalizes the unconditional generation to further emphasize fidelity to the conditioning

signal.

10



2.1.3 Latent Diffusion Models

Operating diffusion models directly in high-dimensional pixel space becomes computa-
tionally prohibitive for high-resolution images due to the quadratic scaling of memory and
computation with image resolution. To address these computational challenges, Latent
Diffusion Models (LDMs) [60] apply the diffusion process in a learned lower-dimensional
latent space. A pretrained variational autoencoder (VAE) [30] compresses the input im-
age, X, into a latent representation, z = £(x), where the diffusion and denoising processes
are carried out. After sampling, the latent output, z, is decoded back into pixel space via
a decoder, D, to obtain the final image, x = D(z). This separation of compression and
generative modeling enables significantly more efficient training and inference, especially
for high-resolution synthesis.

The denoising model, €y, used in LDMs is typically a U-Net [61] architecture, consist-
ing of downsampling and upsampling blocks with skip connections that preserve spatial
information across resolutions. As shown in Fig. 2.2, attention mechanisms, particularly
cross-attention layers, are integrated throughout the network to enable conditioning on
various modalities such as text, semantic maps, or other images. During training, both un-
conditional and conditional inputs are used to support classifier-free guidance at inference
time. This architecture makes LDMs highly flexible and scalable for complex generative

tasks.

11
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Figure 2.2: Architecture of latent diffusion models (LDMs) as proposed in [60]. The
input image, X, is first encoded into a latent representation, z, using the encoder part of
a pretrained variational autoencoder, £. The diffusion process operates in latent space,
where a denoising U-Net, €y, learns to reverse the noising trajectory over 7' steps. The
conditioning on various modalities such as text, semantic maps, or images is performed by
either concatenation or a cross-attention mechanism. The denoised latent is decoded by D
to produce the final image, x. © 2022 IEEE. Reprinted, with permission, from [60].

2.2 2D Diffusion Priors for 3D Inpainting

2D image inpainting is a well-studied problem, and recent advances in diffusion models
have greatly improved the quality of inpainted images [S55]. Modern diffusion-based in-
painting frameworks can produce photorealistic and semantically coherent completions of
masked regions in a single image. For example, Stable Diffusion [60], a latent diffusion
model originally developed for text-to-image generation, can be adapted for image inpaint-
ing tasks and has demonstrated high-quality results [70]. Extensions of Stable Diffusion

like ControlNet provide additional conditioning (such as edges, depth maps, or segmen-

12



tation) to guide the generation process [95], enabling more controllable and structurally
faithful inpainting outcomes. Another recent model, BrushNet, introduces a dual-branch
diffusion architecture that explicitly incorporates the masked image content into the gener-
ation process, resulting in more coherent and high-fidelity fill-ins of missing regions [27].
These diffusion-based approaches represent the state of the art in 2D inpainting, achieving
impressively realistic results on single-view images.

However, applying these 2D diffusion models independently to each view of a 3D
scene leads to multiview inconsistency, as illustrated in Fig. 2.3. In a multiview inpainting
scenario, the same missing content observed from different camera angles should be com-
pleted in a consistent manner across all images [47, 48]. Off-the-shelf 2D inpainters have
no built-in understanding of the underlying 3D geometry or cross-view relations; there-
fore, filling holes in each view separately often yields incompatible results (e.g., the object
inpainted in one view might appear with a different shape or texture, or not appear at all in
another view). This lack of geometric coherence across viewpoints is a fundamental chal-
lenge when using 2D priors for 3D inpainting and can manifest as visual discrepancies
when the views are assembled into a single scene.

Despite the challenges associated with multiview inconsistency, recent approaches
have sought to harness the powerful generative priors of diffusion-based 2D inpainters
by integrating them with explicit or implicit 3D radiance fields. For instance, NeRFiller
[85] utilizes off-the-shelf 2D generative models to complete missing regions in 3D scenes,
effectively distilling 2D inpainting results into a consistent NeRF representation using
IDU [19]. Similarly, Inpaint3D [54] employs a 2D diffusion model to guide the inpainting

of 3D scenes, optimizing a NeRF to align with the generative priors from 2D inpaint-

13



Stable Stable Stable
Diffusion Diffusion Diffusion

Figure 2.3: Illustration of multiview inconsistency when applying 2D diffusion models
independently to each view of a 3D scene. The same missing region produces different
completions across viewpoints, leading to geometric and appearance inconsistencies that
violate the underlying 3D structure.

ing via SDS [53]. Additionally, RefFusion [50] adapts an inpainting diffusion model to
a reference image and uses SDS [73] to inpaint a 3DGS [29] with the reference-adapted
diffusion model. Building upon these advancements, MVIP-NeRF [8] introduces a novel
approach that leverages diffusion priors for NeRF inpainting, addressing both appearance
and geometry aspects by inpainting the rendered images and normal maps. MVIP-NeRF
performs joint inpainting across multiple views to achieve a consistent solution through an
iterative optimization process based on SDS [53]. Furthermore, MALD-NeRF [35] pro-
poses tempering the stochasticity of diffusion models with per-scene customization and
mitigating textural shifts through masked adversarial training, resulting in state-of-the-art
NeRF inpainting results.

Although these methods effectively leverage the high-quality priors from 2D diffusion

14



models within a 3D framework, leading to multiview-consistent inpainting results, they
often encounter challenges related to the quality of the final renders. Specifically, the
geometry-unaware 2D inpainting results in multiview inconsistency, due to the stochastic
nature of diffusion models. Fusing these inconsistencies in the pixel space of the 3D radi-
ance field may lead to blurry renders. In this thesis, we address this issue by constraining a
diffusion-based inpainter using scene geometry. By incorporating geometric information
into the inpainting process, we aim to preserve the strong generative priors of diffusion

models while ensuring coherent and realistic completions across multiple views.

2.3 3D Scene Editing

Editing 3D scenes is a fundamental aspect of 3D content creation, with applications span-
ning video games, virtual reality, and film production. The advent of 3D radiance fields
[7, 56], such as NeRFs [46], has catalyzed a surge in innovative editing techniques. These
methods encompass a variety of operations, including scene translation [10, 11, 15, 19, 31,
49, 84, 87], super-resolution [25, 34], shape deformation [26, 94, 99], appearance modifi-
cations [32, 33, 43, 82], and inpainting [47, 48, 64, 86].

Inpainting, the process of filling in missing or occluded regions within a scene, is par-
ticularly the focus of our work. Traditional 3D inpainting methods have focused primarily
on object removal [42, 48, 78, 83, 86]. In contrast, our method can insert additional content
and perform scene completion. Several specialized approaches have emerged for specific
inpainting scenarios. RenderDiffusion [1] employs 2D diffusion models for 3D-aware in-

painting but is constrained by weak supervision and struggles with complex scenes. SIGN-
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eRF [14] focuses on localized translation and object insertion, offering limited support for
broader inpainting tasks. Chen et al. [9] investigate the influence of inpainting masks
for deterministic object removal but are restricted to forward-facing scenes. Gaussian
Grouping [90] integrates segmentation features directly into the radiance field, facilitating
various editing tasks.

For general inpainting, most methods build on 3D radiance fields [8, 35, 39, 50, 54].
Several approaches, particularly relevant to our work, leverage SDS [53, 79] to incorporate
2D diffusion priors. These include RefFusion [50], Inpaint3D [54], and MVIP-NeRF [8].
However, these approaches typically require relatively dense view coverage for effective
3D model fitting. This limits their applicability to real-world scenarios where capturing
many viewpoints may be impractical or costly.

In contrast, our method directly inpaints the image set, allowing it to operate effec-
tively even with sparse view coverage. This capability is particularly valuable for practical
applications such as editing existing photo collections, virtual reality content creation, or
architectural visualization, where obtaining dense multiview data is often challenging or
prohibitively expensive.

Similar to our work, recent inpainters have adapted diffusion models for multiview
inpainting. For instance, MVInpainter [5] formulates 3D editing as a multiview 2D in-
painting task, utilizing reference guidance to partially inpaint multiview images without
the need for explicit camera poses, thereby simplifying the complexity of 3D inpainting in
real-world scenarios. However, MVInpainter is limited to processing sequences of up to

24 frames, which may restrict its applicability to larger scenes.
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Semantic / Identity Consistency

Pixel-Precise Geometric Consistency
- . .

Figure 2.4: Comparison between semantic/identity consistency (left, adapted from [75],
with permission. © 2024 ACM.) and pixel-precise geometric consistency (right, our
method). Semantic consistency methods maintain conceptual coherence (e.g., person iden-
tity) but allow geometric variations across views. Conversely, 3D inpainting requires main-
taining precise spatial relationships and geometric properties across all viewpoints.

2.4 Reference-Conditioned Generative Editing

Reference-conditioned generative editing leverages additional reference images to guide
the generation or modification of target images. While various methods encourage consis-
tency across multiple generations by sharing features across diffusion processes [2, 62, 75,
101], they primarily enforce semantic consistency, which is insufficient for achieving the
precise, pixel-level coherence required for 3D-consistent content. As illustrated in Fig. 2.4,
semantic consistency ensures that the same conceptual elements (e.g., a person’s identity
or general appearance) are maintained across views, but allows for variations in precise
positioning, orientation, and geometric details. In contrast, pixel-precise geometric con-
sistency, as required for multiview 3D inpainting, demands that the spatial relationships
and geometric properties of inpainted content remain coherent across all viewpoints.

Conditional image generators have been employed for novel view synthesis (NVS) by
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mapping observed reference images and target camera parameters to generate new views
[6, 17, 38, 65, 76, 88, 91-93]. These models are trained on multiview datasets to learn
the complex 3D transformations necessary for NVS. However, their primary focus is on
generating new views rather than inpainting existing 3D scenes coherently.

While our conditional diffusion model is reminiscent of this, addressing the entirety
of the NVS problem is not necessary for 3D inpainting; instead, we assemble reference
information from multiple source views in the image coordinate frame of the target view,
without relying on explicit camera information. This strategy allows us to disentangle
the geometry transformations from the generative inpainting. Hence, our inpainter avoids
learning complex 3D transforms (e.g., triangulating and projecting between frames). In-
stead, it learns to utilize projected reference information entirely in 2D, while accounting
for simple 3D constraints, such as relative depth ordering of generated content with respect
to existing content.

Finally, reference-based inpainting methods, such as [97, 98, 102], utilize one ref-
erence image to inpaint another, sometimes handling transformations beyond viewpoint
changes, like lighting variations. Although our method also leverages reference infor-
mation, it aligns more closely with NeRF-based approaches, operating on full multiview
image sets where all views are initially masked, rather than focusing on a single reference-
target pair. This enables our approach to achieve coherent and realistic completions across

multiple views, addressing the challenges associated with multiview-consistent inpainting.
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2.5 Iterative 3D Generation

3D content generation processes are typically performed iteratively or autoregressively.
Iterative approaches repeatedly refine the generated content through multiple cycles, pro-
gressively enhancing quality and consistency. These methods have prominently been em-
ployed in text-to-3D generation [44, 53] and instruction-driven 3D editing [19]. Recently,
similar iterative techniques have also been adapted for 3D inpainting tasks. For example,
SDS [53] has been effectively utilized in methods like Inpaint3D [54], RefFusion [50],
and MVIP-NeRF [8], providing iterative refinement based on learned diffusion priors.
Another iterative paradigm, known as IDU [19], has been employed by methods such as
NeRFiller [85], where iterative updates to the training dataset progressively improve the
3D completion.

In contrast, autoregressive approaches sequentially generate new data conditioned on
previously generated content. This approach has mainly been explored in the context of
full-scene 3D generation [12, 24] and generative novel view synthesis tasks [37, 58, 59,
76, 91]. Autoregressive models inherently maintain consistency through conditioning on
previous outputs, which makes them well-suited for tasks involving sequential or spatially
coherent generation.

In this thesis, we introduce an autoregressive inpainting framework specifically de-
signed for large-baseline multiview scenarios. Unlike previous iterative approaches that
rely on extensive refinement cycles or dataset updates, our method generates missing re-
gions sequentially in an autoregressive manner, leveraging strong diffusion-based priors
and explicit geometric constraints. This approach enables effective handling of sparse

or large-baseline view settings, maintaining high coherence and visual fidelity across all
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generated views.

2.6 Scene Geometry Estimation with DUSt3R

Multiview stereo reconstruction aims to recover 3D scene geometry from multiple images,
providing essential depth information and camera parameters needed for 3D scene under-
standing. Traditional structure-from-motion (SfM) pipelines like COLMAP [63] achieve
this through a sequential process: first extracting and matching sparse feature points across
images, then estimating camera poses through bundle adjustment, and finally computing
dense depth maps via stereo matching. While highly successful for well-textured scenes
with sufficient viewpoint overlap, these classical approaches can struggle with challeng-
ing scenarios such as textureless regions, wide camera baselines, or scenes with repetitive
patterns.

DUSt3R [81] represents a modern learning-based approach to multiview stereo recon-
struction that addresses many of these limitations. Unlike traditional methods that rely on
hand-crafted features and explicit geometric constraints, DUSt3R leverages deep learning
to directly predict dense 3D correspondences between image pairs. The method’s end-to-
end learning approach enables more robust performance in challenging conditions where
traditional feature-based methods might struggle.

For our multiview inpainting application, DUSt3R offers several advantages over clas-
sical approaches like COLMAP. First, DUSt3R’s ability to handle complex settings such as
sparse view sets aligns well with practical scenarios where dense image capture may be im-

practical. Second, DUSt3R provides significantly faster runtime compared to COLMAP’s
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sequential feature extraction, matching, and bundle adjustment pipeline, which is crucial
for our iterative inpainting framework that requires repeated geometry updates.

Given a set of N images, {/; € ]R?’XHxW}

. |, of a static scene and a scene graph,
G = (V,E), where V = {i} | is the set of view indices and £ C V x V is the set of
edges connecting views, DUSt3R uses a network, P, to predict pairwise 3D pointmaps for

anedge, e = (i,j) € E, as
(Xi’e, Ci,e)’ (Xj’e, Cj,e) _ P(Ii, ]j)’ (2.8)

where Xv¢ ¢ RH>W>3 ig the 3D pointmap of I, in the coordinate system of the first
element of ¢, i.e., I;, and CV¢ € Rf *W is the confidence map indicating the reliability of
the predicted points.

The method then performs a global optimization to obtain the global camera param-
eters and dense depth maps. The optimization objective seeks to minimize the error be-
tween the predicted 3D points and their corresponding locations when transformed into a
consistent global coordinate system, weighted by the confidence of each prediction. Math-

ematically, this is formulated as

= argmln ZZZCU@ |R,T [ ]K;lh(X)—tv) —UePeXU’e[X]Hiu

RtK,D,oP o = =
(2.9)

where Q = {1,..., H} x{1,..., W} is the set of pixel coordinates, i : R" — R"*! is the
homogeneous mapping, and G is the set of all optimized geometry parameters, including
view extrinsics, (R, t,) € SE(3), intrinsics, K, € R3*3, and dense depth maps, D, €

REXW “for all views, v € V, as well as pairwise poses, P, € SE(3), and scale factors,
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o. € Ry, for all edges, e € E. In short, we denote this entire process as
G = DUSt3R({L;}Y.,, G), (2.10)

where G = {(Ry, t,, Ky, Dy)}, oy U{(Pe, 0c)}.cp and G is the scene graph.

This two-stage approach, first predicting pairwise correspondences, then globally op-
timizing for consistent geometry, allows DUSt3R to handle challenging scenarios with
wide baselines and sparse view coverage while maintaining computational efficiency. The
method’s ability to provide both dense depth maps and camera parameters makes it partic-

ularly suitable for applications requiring comprehensive scene understanding.

2.7 Summary

This chapter has established the technical foundation for our geometry-aware multiview
inpainting approach by surveying key concepts and related work across six complemen-
tary areas. We began with diffusion models, the generative framework that underpins
our method, covering their fundamental forward and reverse processes, training through
noise prediction, conditional generation via classifier-free guidance, and efficient high-
resolution synthesis through latent diffusion models. These concepts are essential for un-
derstanding how our method leverages powerful 2D generative priors for 3D-consistent
inpainting.

We then examined the challenges of applying 2D diffusion priors to 3D inpainting,
particularly the fundamental problem of multiview inconsistency that arises when inde-

pendently applying 2D models to each view of a 3D scene. Existing approaches address
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this by integrating 2D diffusion models with 3D radiance fields through techniques like
Score Distillation Sampling (SDS) and Iterative Dataset Update (IDU), but often suffer
from blurry results due to the fusion of inconsistent cross-view predictions in the pixel
space of the 3D representation.

Our survey of 3D scene editing techniques revealed a diverse landscape of methods
for manipulating radiance fields, with inpainting being particularly challenging due to the
need for both high-quality generation and geometric consistency. Most existing 3D in-
painting methods require dense view coverage for effective 3D model fitting, limiting their
applicability to real-world scenarios where capturing many viewpoints may be impractical.

Reference-conditioned generative editing approaches offer insights into achieving con-
sistency across multiple generations, though existing methods primarily enforce semantic
rather than pixel-level coherence. Our approach builds on these concepts by assembling
reference information from multiple source views in the image coordinate frame of the tar-
get view, allowing us to disentangle geometry transformations from generative inpainting
while maintaining precise spatial consistency.

We explored iterative and autoregressive paradigms for 3D generation, with the latter
being particularly relevant to our sequential inpainting approach. Unlike iterative methods
that require extensive refinement cycles, autoregressive generation maintains consistency
through conditioning on previous outputs, making it well-suited for our large-baseline
multiview scenarios.

Finally, we provided a comprehensive technical overview of DUSt3R, the scene ge-
ometry estimation method that forms a crucial component of our approach. DUSt3R’s

two-stage process, pairwise correspondence prediction followed by global optimization,
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enables robust geometry estimation from sparse or wide-baseline views, making it partic-
ularly suitable for our multiview inpainting framework where geometry serves as a key
constraint for ensuring cross-view consistency.

Together, these background topics motivate our key contributions: a geometry-aware
conditional diffusion model that achieves multiview-consistent inpainting without requir-
ing dense view coverage or explicit 3D model fitting, operating directly on image sets
while leveraging geometric constraints to ensure coherent completions across sparse/dense

view sets or small/large-baseline viewpoints.
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Chapter 3

Technical Approach

This chapter presents our geometry-aware multiview-consistent 3D scene inpainting al-
gorithm. Our approach addresses the fundamental challenge of maintaining geometric
consistency across multiple viewpoints while inpainting 3D scenes, without relying on
explicit 3D radiance field representations.

We begin in Sec. 3.1 by formally defining the problem and establishing our assump-
tions and objectives. We then provide in Sec. 3.2 an overview of our approach, contrasting
it with existing methods and highlighting our key innovations: avoiding explicit 3D radi-
ance fields, fusing information in learned generative spaces, and enabling direct appear-
ance transfer across views using estimated scene geometry.

Our method consists of two main components working in tandem: a scene geometry
estimator based on DUSt3R [81] (Sec. 3.3) and a geometry-aware inpainting diffusion
model (Sec. 3.4), combined within an autoregressive framework (Sec. 3.5). The geometry

estimator provides dense depth maps and camera parameters from incomplete views, while
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the diffusion model leverages this geometric information to perform multiview-consistent
inpainting. At each iteration, we inpaint a subset of not-yet-inpainted views, conditioned
on the other views (whether inpainted or not), followed by updating the estimated ge-
ometry. This cyclic process gradually fills in the scene’s geometry and appearance while

maintaining consistency across all viewpoints.

3.1 Problem Definition

As with prior work [48], we assume as given (i) a set of N views, {I; € R3*#>W }fil

, rep-
resenting a static scene, and (i1) their corresponding inpainting masks, {MZ € {0, 1}1xW }2]11
demarcating the 3D region to be inpainted. While other methods may require additional
inputs, such as camera parameters or depths per image, these are optional for our approach

(though we can nonetheless use them). Our objective is to jointly inpaint the given views,

thus inpainting the 3D scene, ideally in a consistent manner across views.

3.2 Overview

Prior works (e.g., [8, 47, 48, 50, 54, 85]) often have two disparate components: (i) an
implicit or explicit 3D radiance field (e.g., NeRF [46] and 3DGS [29]), which fuses infor-
mation across views to ensure consistency, and (ii) a 2D image inpainter, which alters the
source views, potentially conditioned on the state of (1) (e.g., [19, 49, 85]). However, this
separation has shortcomings: first, (i) fuses information in pixel space (due to the supervi-
sion mechanism), leading to blurry results, and second, (ii) is only aware of the other views

through (i), meaning any mechanism for enforcing consistency is indirect. In contrast, our
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Figure 3.1: Overview of our geometry-aware 3D scene inpainter. (a) A visualization of
the reference-based geometric cues. Back-faces are always obscured by shadow volumes.

I, denotes the rendered photometric content, and G, _,, = {Fr_m B, S s, DT_,T}

denotes the geometric cues (front-face mask, back-face mask, shadow mask, and normal-
ized inverse depth, respectively) for the reference view, r, projected to target view, 7. (b)
A step-by-step visualization of our autoregressive inpainting process. Note that the scene
geometry consists of separate meshes for each image, not a single harmonized mesh, as
shown here for simplicity. Here, we Ae;re only showing one diffusion step for the geometry-
aware inpainting model. { (./T;, bz) } ‘

(whether inpainted or not) and b; is Ztﬁé: inpainted-status indicator; G denotes the scene ge-
ometry estimate; £ denotes the VAE encoder (which maps an image to the latent space of
Stable Diffusion); z; denotes the diffusion latent at timestep ¢; I-, M, denote the target im-
age and mask; I denotes the hint image; A,_,,, G,_,, denote the appearance and geometric
cues from reference view, r, to target view, 7; Ar_.., Gr_,, denote the sets of appearance
and geometric cues from all reference views to target view, 7; C; = {C{ ,Cb Cs}, &
denote the sets of predicted confidence masks and noise estimates, respectively; and &,
denotes the fused noise estimate at diffusion timestep ¢; see Fig. 3.5 for an example of
autoregressive steps.

denotes the autoregressive set where fz is the image

algorithm relaxes the need for a radiance field, fuses information in the learned space of a
generative model (avoiding the blur of pixel space), and enables direct appearance transfer
across views, using estimated scene geometry.

To achieve this, our approach combines two key models: a scene geometry estimator
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and a geometry-aware inpainting model. For the geometry estimator, we use the perfor-
mant DUSt3R [81], which efficiently provides dense depth, with or without the presence
of camera poses, utilizing views (inpainted or not) directly. For the latter, we fine-tune
a latent 2D diffusion-based inpainter, to condition on the other views. However, naively
conditioning the inpainter forces it to learn both inpainting and generative NVS (itself a
non-trivial task [17, 74, 92]), by learning to map one view to another using an internal
scene model. Instead, we use our scene geometry estimator to feed appearance infor-
mation from other views to our inpainter, by directly projecting information from source
views, as well as passing explicit geometric information pertinent to the inpainting (e.g.,
occlusion).

Given these two models, we devise a simple autoregressive scene inpainting algorithm.
At each iteration, we inpaint a subset of not-yet-inpainted views, conditioned on the other
views (whether inpainted or not), followed by updating the estimated geometry. As this
cyclic process continues, the scene geometry and appearance in each view are gradually

filled in; see Fig. 3.1 for a schematic of our approach.

3.3 Scene Geometry Estimator

We utilize DUSt3R [81] for scene geometry reconstruction, as detailed in Sec. 2.6. As we
inpaint the scene, we iteratively reapply it to update the scene geometry throughout the
process.

DUSt3R is not trained on incomplete views (i.e., not-yet-inpainted images); however,

we adapt it to use incomplete views by passing the images to the model with the masked
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area set to zero, i.e., for an incomplete view, v, we pass [, © M, to P, where ©® and
- are the element-wise multiplication and logical negation operators, respectively. Also,
for each edge, e, containing the incomplete view, v, we suppress DUSt3R’s predicted

confidence maps in the masked area by setting the confidence to zero, i.e., we use

C"=C"o-((1-b,)-M,), Veec E;Yvce, (3.1)

as the confidence maps for global optimization, where b; is the indicator of whether /; has
been inpainted. This will prevent incomplete parts from contributing during the optimiza-
tion phase.

Optionally, we also pre-set ground-truth information for the optimization phase. For
pre-setting camera parameters, we initialize and freeze the corresponding parameters in
the optimization. For pre-setting incomplete dense depth, we only initialize the depth
(wherever provided), while allowing it to change during the optimization. We denote our

modified version of DUSt3R as
G = DUSt3R({(L;, M;, b)Y, G, Ginit), (3.2)

where Gy is a subset of geometry parameters that we wish to pre-set.

3.4 Geometry-Aware Inpainting Diffusion Model

At each step of our autoregressive inpainting process, after updating the scene geometry

from the previous step (Sec. 3.3), we apply our geometry-aware inpainting diffusion model
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to inpaint a subset of views. This model is designed to leverage both the estimated scene
geometry and appearance information from reference views to ensure multiview consis-
tency.

Our goal is to devise an image inpainting model that conditions on a multiview im-
age set and the current scene geometry estimate. At any given autoregressive step, the
reference view set may include both masked (not-yet-inpainted) and complete (previously
inpainted) images, all of which are used to inform the inpainting of the target image. This
enables a form of reference-based inpainting with explicit 3D geometric constraints de-
rived from our scene geometry estimator.

Our conditioning approach leverages geometric knowledge of the scene. In particular,
using scene geometry, we project appearance and geometric information from references
into the target camera’s image plane; this alleviates the need for the network to learn ge-
ometry estimation and view transforms (as in NVS), saving its capacity for inpainting.
Given depth maps and camera parameters from Sec. 3.3, this projection is performed via
mesh rendering. However, three issues remain: (i) selecting geometry-driven cues to con-
dition the model on, (ii) fusing cues across multiple reference views, and (iii) training the
inpainter to handle errors in estimated scene geometry.

To obtain our geometry-driven cues, we first construct a surface mesh derived from
the depth maps. This mesh also implies a “shadow volume” [18, 45], representing the 3D
space hidden from the reference camera (see Fig. 3.1(a) for a visualization). Thus, we also
construct a shadow volume mesh from each reference’s surface mesh. This dual-mesh rep-
resentation enables us to compute geometric cues that encode the reliability of projected

appearance information. We first establish our notation (Sec. 3.4.1), then detail our mesh
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construction approach (Sec. 3.4.2) and shadow volume construction (Sec. 3.4.3) which to-
gether enable the projective mapping of the photometric and geometric information across
views. We then define the conditioning signals (Sec. 3.4.4). The remaining issues of multi-

reference fusion and robust training are explained in Sections 3.4.5 and 3.4.6, respectively.

3.4.1 Notation

Formally, let I, be the target image to be inpainted (i.e., inpainting a single image at
a time), with mask, M, and camera parameters, (R,,t,) € SE(3),K, € R3*3 (i.e.,

extrinsics and intrinsics). Each element of the reference view-set,

R ={(L,, M,,b,,R;, ¢, K,, D,)}, (3.3)

consists of an image (/,.), mask ()M,.), indicator of whether I, has been inpainted (b,),
extrinsic camera parameters (R, t,.), intrinsic camera parameters (K,), and depth map
(D,). Camera and depth information come from our geometry estimator (Sec. 3.3). Thus,
our inpainter inpaints /., within the masked region, M, conditioning on the reference

view-set, R and the current state of the estimated scene geometry, G.

3.4.2 Surface Mesh Construction

To enable coordinate-aligned conditioning, we establish the geometric foundation for our
projective mapping approach. For each reference image, /., we construct a triangle mesh,
M.,., using its corresponding geometry and camera information, and render the mesh to

the target frame to map appearance and geometric information from the reference view.
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Given the camera parameters, (R,,t,) € SE(3),K, € R*, and dense depth map,
D, € R™*W  from our geometry estimator (Sec. 3.3), we lift pixel coordinates to the

world coordinate system via the lifting function
x(x) =R (D,[x]K; 'h(x) — t,), (3.4)

where h : R® — R"*! is the homogeneous mapping. Following GeoFill [98], we build a
triangle mesh with a regular grid, where the mesh vertices are provided by the lifting func-
tion, x(x). To create discontinuities on object boundaries, we drop mesh edges wherever
there is a sudden change in depth. We use the same criterion as GeoFill [98], where we
drop the edge between two adjacent vertices, v; and vy, if

2|Dr[x;] = Dy[x4]|
Dr[xj] + Dy [x4]

> €edge (35)

where €.qq 1 a user-defined hyperparameter (see Tab. A.1). This process results in the 3D
triangle mesh, M,., that represents the scene geometry as observed from reference view,
r.

Several pieces of information can be extracted when rendering the mesh, M., to a tar-
get camera frame with extrinsics, (R, t,), and intrinsics, K, : (i) appearance information,
I, € R¥>TXW (ij) the map of front-facing triangles, F,_,, € {0, 1}7*W (iii) the map
of back-facing triangles, B,_,, € {0,1}*W and (iv) the depth map, D,_,, € R#¥*W,

Mathematically,

IT‘—)T’ Fr—>7'7 BT—M'? D, = Render(Mm RT7 tr, KT)) (36)

32



Mesh Grid Edge

Valid Triangle

Silhouette Edge

Figure 3.2: Illustration of silhouette edge detection in a triangle mesh. Silhouette edges
(highlighted in blue) are identified as edges that belong to only one triangle, marking the
boundaries where the surface geometry transitions from visible to occluded regions when
viewed from a specific camera position.

where Render(+) is a mesh rendering function that projects the mesh into the target camera

frame.

3.4.3 Shadow Volume Construction

In addition to the surface mesh, M., we also need to construct shadow volume meshes
that represent the 3D space hidden from each reference camera. These shadow volumes
are essential for computing the shadow masks that indicate regions where photometric
information may be occluded and thus unreliable.

To create the shadow volume mesh, ./\/lf , for a reference view, we first identify the
silhouette edges of the surface mesh, M,.. When building the surface mesh as described in
Sec. 3.4.2, we also identify the triangle edges at surface boundaries (i.e., silhouette edges)
by looking for edges that belong to only one triangle. Fig. 3.2 illustrates the selection of
silhouette edges. Let s = { (ﬁ’, véi)> } _denote the set of silhouette edges in the world

i
coordinate system. Given the camera extrinsics, the camera center is at —Rjt,. in the
world coordinate system. Our goal is to draw a ray from the camera center to each point

on the edge of the shape (i.e., its occlusion boundaries), and then extend the ray past it
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(forming part of the boundary of the shadow volume induced by that geometric element;
see Fig. 3.1 for a visualization).
For each vertex, v, in a silhouette edge, we extrude it along its corresponding ray

direction according to the reference camera, as

v+ R t,

R A 3.7
EESTOEA N G7)

vV =v+¢y4

where ¢4 1s a sufficiently large value to ensure the rendered shadow volume covers the
relevant part of other views. For each silhouette edge, (vi,v9) € Es, we form a quad,
(v1,v9, Vb, v]), forming the side walls of the shadow volume. We then split each shadow
quad into two triangles and use the resulting triangle mesh, M?, to render the shadow

volumes, as

S,_r = Render(M? R, t., K,), (3.8)

where S,_,, € {0,1}7*W is the shadow mask projected to the target camera frame. The
shadow mask indicates pixels in the projected photometric content, /,_,,, that may be

occluded from the reference camera, 7, and thus not necessarily reliable for inpainting.

3.4.4 Appearance and Geometric Cues

Building on our mesh-based projection framework, we now define the conditioning signals
that inform our diffusion model of the 3D scene. We extract both appearance cues that
provide photometric information and geometric cues that encode the reliability and validity

of this photometric content.
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Figure 3.3: Example of insufficient projected information from distant viewpoints. The
reference image, [, (left), contains a highlighted decorative box that appears clearly vis-
ible. However, when projecting reference information to the target view, 7, through the
rendered cues, {I, ., Fr_,., B,_,, S,—,} (middle), the highlighted object predominantly
shows back-face triangles, providing insufficient appearance information for the inpainter
to maintain stylistic consistency with the original object in the reference view. The ground-
truth target view, [, (right), shows how the decorative box should appear from the target
viewpoint. This limitation motivates our stylistic hint mechanism.

Appearance Cues

We provide the inpainter with two appearance cues: (a) direct reference pixels and (b)
a stylistic hint. For (a), we pass [,_,, instead of [,, giving the inpainter direct access to
view-aligned pixel colours for localized convolutional processing. However, with large
camera baselines, projected information from distant viewpoints may be insufficient (e.g.,
only the back-face triangles of an object are visible, as illustrated in Fig. 3.3). To ensure
a stylistic harmony, we introduce (b), an optional “hint image”, I, which is not projected
through the scene geometry but rather provides global appearance characteristics.

In the first autoregressive step, as we do not have any inpainted images, we use an

empty image (zero-valued) as the hint. For all other steps, we select the furthest inpainted
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image to the target image, 7. We use the rotation (orientation) difference between the
cameras as our camera distance measure, since the cameras nearly always point to a central
point in the scene. Specifically, for a pair of views, ¢ and j, with corresponding extrinsic
rotation matrices R;, R; € SO(3), we define the view distance function as
.. T
d(i. j) = [|A (R{ Ry) (3.9)

I

where A : SO(3) — [0,27) x [0,27) x [0, ) is a function mapping a rotation matrix to
Euler angles. In other situations, this heuristic could be altered (e.g., to use an estimate
of overlapping image content, or camera positional information). Therefore, we formalize

the selection of the hint image as

h = argmaxby, - d(1, h), (3.10)
h

where b, € {0,1} indicates whether the image, I}, has been inpainted. We denote our

appearance cues as

AR—)T = {L‘—H’}ﬁ:l U {]ﬁ}a (311)

where R = |R] is the number of reference views.

Geometric Cues

While appearance cues provide photometric information, they alone are insufficient for
reliable multiview conditioning due to ambiguities in projection validity and occlusion.

To address this, we leverage geometric cues that encode the reliability and validity of the
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photometric content, illustrated in Fig. 3.1 (a). Specifically, per reference, we compute
a (i) front-face mask, F,_,,, (ii) back-face mask, B,_,,, (iii) normalized inverse depth

(ordering), ZA?T_W, computed as

D, = : 3.12
=5 (3.12)

Dr—)'r - minx{br—)’r [X] }

maxy{ Dy, [x]} — mine{D,_,,[x]}

@ (Fr—>T \% BT—)T) ’ (313)

r—T —

where V is the logical OR operator, and (iv) shadow mask, S,_,,, all in the target coordi-
nate frame. Front- and back-face masks indicate the validity of the projected photometric
content (i.e., the former has valid appearance from /,, while the latter merely implicates
the presence of geometry), the normalized inverse depth provides a measure of relative
depth ordering, and the shadow mask indicates potential occlusion. These maps form our

geometric cue set,

Grsr = { (Fror Bror. Doar S1r) ) (3.14)

r=1

another input to our diffusion model. Importantly, these cues also enable a hierarchical,
confidence-based fusion of reference information, based on the uncertainty induced by the
geometric structure (see Sec. 3.4.5). With both appearance cues, Az ., and geometric
cues, Gr_,,, defined, we next address how to effectively fuse information across multiple

reference views.
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3.4.5 Uncertainty-Aware Multi-Reference Conditioning

Using our cue-based notation, our method inpaints an image, /.-, within the masked region,
M., conditioned on the appearance cues, Ar .., and geometric cues, Gr_,,. However,
fusing information across multiple references is challenging, especially with conflicting
content. We address this by running parallel per-reference diffusion processes and fus-
ing noise estimates at each diffusion step. Ideally, this fusion is geometry-aware (e.g.,
front-faces of M, provide high-certainty photometric content, while back-faces only up-
per bound target view depth). Since geometric maps may be slightly misaligned due to
errors in estimated geometry, we alter the diffusion model to predict confidence maps for
each reference, emulating the aligned geometric masks. In the following, we describe how

our inpainting is implemented, including confidence estimation and fusion.

Hierarchical Confidence Estimation

The geometric cues, Gr_.,, indicate the reliability of the projected photometric content.
We utilize three geometric signals: first, the front-facing confidence mask, C/, indicates a
pixel is either outside the inpainting mask or guided by a front-facing rendered pixel. In
other words, the model has copied the photometric content from the target image itself or
the rendered photometric content (/,_,,). Second, the back-facing confidence mask, C°,
indicates a pixel is geometrically restricted by a rendered back-face, suggesting new ge-
ometry to be generated in front of it. Finally, the shadow confidence mask, C?, signals the
model’s certainty in trusting photometric information despite potential occlusion (shadow
volume). Notice the confidence masks are closely related to the geometric cues, F)._,,

B,_,., and S,_,;. Importantly, though, these cues are often slightly misaligned with the
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actual target image due to geometry estimation errors. Thus, we instead modify our dif-
fusion model to estimate these confidence masks at every diffusion step, in addition to the
noise estimate. Please see Sec. 3.4.6 for details on supervising the confidence masks, and

Fig. 3.4 for a visualization.

Parallel Diffusion Processing

We now formalize the inpainting process. Given our diffusion model, €y, we split the

inpainter into R independent streams to inpaint a target image, /.. Let
<5r,t7 C{:tv C?ta C;t) = €9 (Zt7t | Y, l; © ="M, M, Arsr, g’l’—)T) ) (3.15)

be the output of the rth process at diffusion timestep ¢, where ¢, is the estimated noise
for reference, r, z, is the latent representation at diffusion timestep ¢, A, ., = {I,_,, I},

Grosr ={Fr—r, Brsr, ZAD,HT, Sy—+}, and y is the text prompt. Denote

R

& = {gm} , (3.16)
T;l

Cf = {Cﬁt} , peffb st (3.17)
r=1

as the combined noise estimates and confidence maps. We then fuse the noise estimates as

e =I(&,Cf,Ct C), (3.18)

thus fusing multiview information in the learned, generative space of the diffusion model,

rather than in pixel space. The fusion, I', follows a four-level confidence hierarchy: (i)
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front-face confidence, (ii) back-face confidence, (iii) shadow confidence, and (iv) no con-
fidence. This hierarchy reflects decreasing geometric certainty: front-faces provide direct
photometric evidence, back-faces constrain depth bounds, shadows indicate potential oc-
clusion, and no confidence represents completely unseen regions. For each patch at each
level, we select the noise estimate from the closest camera among the views at the same
level. To that end, we also utilize the view distances of the reference views to the target

view, computed as
R

d. = [d@, r)} , (3.19)
r=1

where d(i, ) is the view distance function defined in Eq. (3.9). This ensures fusion of the

most reliable reference information during denoising. Algorithm 1 summarizes the steps

taken by the fusion operator, I'. Fig. 3.4 visualizes the fusion operator.

We then compute the next noisy latent, z; 1, by applying the denoising step of a diffu-

sion scheduling algorithm, e.g., DDIM [68], as

z,_1 = BackwardStep(z, €, t). (3.20)

3.4.6 Multiview-Aware Training

We initialize our geometry-aware inpainter with Stable Diffusion v2, fine-tuned for in-
painting [60, 70]. Following prior work [4], we condition on cues by adding zero-initialized
channels to the first convolutional layer of the U-Net [61]. We also modify the U-Net to
output confidence masks alongside noise estimates at each timestep. A key challenge in
training our model is the limited availability of multiview or 3D datasets. To address this,

we develop a comprehensive training strategy that combines real 3D data with synthetic
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Algorithm 1 Pseudo-code for fusing the noise estimates, each conditioned on a specific
reference view. We denote £ as the noise estimates, each conditioned on a specific refer-
ence view, C/, C?, C* as the front-facing, back-facing, and shadow confidence masks, d.
as the view distances of the reference views to the target view, 7, R as the number of ref-
erence images used to inpaint the image, V, A, — as logical OR, AND, and negation, ®, ©
as Hadamard product and division, and OneHot(i, N) : N~ — {0, 1} as a function
that encodes an index, ¢, into an /N-length one-hot vector, respectively. For the shadow
confidence mask, “one” means that although the ray intersects the shadow volume, and
the content is uncertain, the model has decided that there is no occluded content, and the
shadow background is valid; see Sec. 3.4.6.

1: procedure '€ € R*IW CI CP, C* € {0, 1}V d, € RF)

2 Cl=\ C/r 1 > At least one front-face exists. € {0, 1}77*W
3 Ct =Cb A -Cf > Back-faces but not front-faces. € {0, 1} xW
4: Ch =/, Ct[r] > At least one back-face exists. € {0, 1}77*W
5:. C*=C* A —=(C/VvC b Shadow but no front- or back-faces. € {0, 1}2xHxW
6 Cs =\, C[r] > At least one shadow exists. € {0, 1}7*W
7 C? = ~(C/ v Ch v C*) > No confidence. € {0, 1}7*W
8 C = Concat(C/, Ct, C*,C?) > Confidence hierarchy. € {0, 1} HxW
9: W=Cod, > Weight map (prefer closer views). € R HXW
10: F =Y, (argmax, W[i,r]) ® (\/, C[i,7]) > Selected reference indices.

c NHXW

11:  F = OneHot(F, R) > Fused mask. € {0, 1}2xHxW
122 e=3 EF] OF[] > Fused noise estimate. € RE>HxW
13: return ¢

14: end procedure

multiview data from monocular real images, enabling us to leverage abundant single-view
data while maintaining our multiview conditioning framework. To that end, we use a mix-
ture of two datasets: (1) MS COCO [36], which is a monocular image dataset, and (ii)
Google Scanned Objects [16], which is a 3D mesh dataset.

Our training approach consists of three main components: first, we describe how we

synthesize multiview training pairs from monocular images to leverage abundant single-
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Figure 3.4: Illustration of the fusion of multiple reference views using the confidence
masks. We denote I as the incomplete target image, M., as the inpainting mask, R as the
set of reference images, Ar_.., Gr_., as reference-based appearance and geometric cues,
I as the fusion operator, C/, C®, C* as the front-face, back-face, and shadow confidence
masks, &; as the noise estimates at diffusion timestep ¢, F as the AfuseAd mask, and ¢, as the
fused noise estimate at diffusion timestep ¢, respectively. C/, C?, C*, C?, C*, C? repre-
sent intermediate variables of the fusion process; see Algorithm 1 for details. As shown,
given a target image and a set of reference images, we first render the reference-based ap-
pearance and geometric cues, and then at each diffusion step, we fuse the noise estimates
conditioned on different reference views using the predicted confidence masks.

view datasets; second, we detail our sampling strategy for direct utilization of 3D mesh
datasets; and third, we present our mask generation strategies for creating realistic inpaint-
ing scenarios. To ensure robustness to geometry estimation errors encountered during
inference, we then explain how we simulate geometric perturbations during training and
supervise the predicted confidence masks using unperturbed ground-truth geometry. Fi-
nally, we present our complete loss function that jointly optimizes noise estimation and

confidence prediction.

Single-View Data Synthesis

To ensure greater training data diversity beyond 3D datasets, we synthesize geometric and

appearance cues from single-view images via monocular depth estimation. This approach
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allows us to leverage large-scale single-view image datasets for training our geometry-
aware inpainter. Specifically, given an image, I, € R¥>*>W 'we first compute a monocu-

lar metric depth estimate, D, € R?*W_ We assume the focal length to be f = , and

W+H
2
the principal point to be in the center of the image, p = %(VV, H). We then create a triangle
mesh, M, in the image’s coordinate frame (i.e., identity extrinsics), following the mesh
construction procedure detailed in Sec. 3.4.2. We assume there is a second camera (i.e.,
a synthetic reference view) from which the geometric and photometric cues are actually
coming. To generate a random reference pose, we sample angles, a, ~ N (O, Jiﬂg), and
translation, t, ~ N (O, (0¢, - min DT)2 113), where o, and o,, are user-defined hyperpa-

rameters (see Tab. A.1). We then form the rotation matrix, R,., from the sampled Euler

angles, a,, and render the mesh as
I.,D, = Render(M,, R, t,, K), (3.21)

to obtain the synthetic reference image, /., and its corresponding depth map, D,. This
process will automatically occlude parts of the target view. We do not use hint images

when the training sample is from a single-image dataset.

3D Data Sampling

For a mesh-based 3D dataset, given a mesh, M, we uniformly sample the reference and
target cameras (in a sphere centered at the object’s centroid), directly rendering the refer-
ence and target views, [,., [, respectively, along with the reference depth map, D,.. With a
probability of p, = 0.95, we also uniformly sample another camera to render a hint image

for training.

43



Mask Generation

We consider two mask generation strategies: (i) the 2D image-based approach from LaMa
[72], which generates large and diverse masks on the target image, and (ii) a 3D-based
approach, designed to obtain a 3D consistent mask across a multiview image set. We
focus on (ii) for the remainder of this section. This strategy is straightforward, given
known 3D geometry: we sample a 3D convex polyhedron, place it in the scene, and obtain
an inpainting mask by rendering this occluder volume to the target view. Specifically,
let B € R¥3 C € R? be the bounding box around the scene point cloud and the scene
point cloud’s centroid, respectively. We first uniformly sample a bounding box, B5,, for
the occluder inside the scene’s bounding box. We restrict the size of the bounding box to
be in the range

[Omin<BZ - Bl)a 0max<BZ - Bl)] ) (322)

where oy, and o, are user-defined hyperparameters (see Tab. A.1). The approach differs
between datasets due to their distinct characteristics. For Google Scanned Object [16],
which contains well-bounded 3D objects, we can directly use the scene’s bounding box
for occluder placement. In contrast, MS COCO [36] includes outdoor scenes where the
scene’s bounding box does not properly represent meaningful boundaries. For such cases,
we first uniformly sample a point from the scene’s point cloud as the occluder’s centroid,
C,, and restrict the sampled occluder bounding box to the camera frustum instead of the

scene’s bounding box. This results in a different size range:

CTk) (B, — By) CTk) (B, — By)
RGO IO COCRN

(3.23)
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where K is the unit vector in the direction of the z-axis. The specific parameter values are
adjusted for each dataset type (see Tab. A.1). We then uniformly sample N, points within
B,, and fit a convex hull around the sampled points, resulting in the occluder volume.
We render the sampled convex hull to the target view, yielding the inpainting mask. With
a probability of 0.2, we sample a 3D occluder volume; otherwise, we use LaMa’s mask

generator.

Simulating Geometric Errors for Domain Adaptation

Our data generation techniques, whether on 3D scenes or single images, are slightly out-
of-distribution compared to real-world multiview datasets (on which our method is eval-
uated). In particular, the geometric errors (whether in scene or camera parameters) from
DUSt3R are not naturally present. We therefore consider how to include such errors syn-
thetically.

Given a reference image, /., and its corresponding depth map, D,., we create a triangle
mesh, M,., along with its shadow mesh, ./\/lf , (as described in Sec. 3.4.2 and Sec. 3.4.3,
respectively). To simulate geometry estimation errors, we also create a perturbed version
of the reference mesh, MVT, and shadow mesh, va , by sampling perturbation angles,
a, ~N (O, ng]Ig), and translation, t, ~ N (0, (01, - min D,ﬂ)2 ]I3>, forming the rotation

matrix, R,, and perturbing the mesh vertices, V, € RV*3 as
V. =V,R] +t, (3.24)

where o, and o, are user-defined hyperparameters (see Tab. A.1). We then render the
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perturbed mesh and shadow as

I’/‘—>T7 FT—)T? BT—>T7 57‘—”’ = Render(-//\-/lvry RT7 tTa K)) (325)

S, = Render(M5, R, t,, K), (3.26)

to obtain the rendered cues, I, Gr_,r = {FHT, Bysr, Dyosr §HT}-

Supervising Predicted Confidence Masks

We use the unperturbed meshes, M., and M?, to compute the ground-truth confidence

masks. Specifically, we render M, and M? as

Frry Brsy = Render(M,, R, t,, K), (3.27)

S,_r = Render(M? R, t,, K), (3.28)

to obtain the unperturbed front-face, back-face, and shadow masks. Given the sampled

inpainting mask, M, the ground-truth front-face confidence mask is computed as
Cf = (Fr%‘r A _\ST‘A)T) \ _|MT7 (3.29)

where A, V, — denote the logical AND, OR, and negation, respectively. This mask high-
lights the regions that are either outside the inpainting mask, or exclusively guided by

front-facing surfaces (excluding the parts intersecting the shadow mask). The ground-
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truth back-face confidence mask is computed as

Ct=B,., \M,. (3.30)

This mask highlights the regions inside the inpainting mask that are guided by back-facing
surfaces. To compute the ground-truth shadow confidence mask, first note that this mask
indicates the model’s certainty in trusting the photometric information. To obtain such
information, let 7, 7, € N#*W be the map of triangle face indices rendered to the target
view, from meshes M and M,., respectively. We can trust the photometric information of
a pixel, if and only if F and F, are equal in that pixel and the pixel has valid photometric
information (i.e., not disoccluded), meaning both reference and target see the same triangle

face at that pixel. Therefore, the ground-truth shadow confidence mask is computed as

C* = S,y AL{F[x] = F[x|} A Fosr A M, (3.31)

where 1{-} denotes the indicator function.
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Complete Loss Function

After obtaining all input and corresponding ground-truth outputs, we sample a random

noise, ¢ ~ N(0,1), and timestep, t ~ U(1,T), training the model via

z; = AddNoise(E(1), ¢, t) (3.32)

<g7 6f7 ébu 68) = €9 (Zt>t | y:l @ _'Mv M7 A/T—H'y/gvr—w') ) (333)
2 P _ P 2

LO) =Ee-oM+A0-ME+n Y |-, 33

pe{f.b,s}

where & is the VAE encoder of Stable Diffusion, AddNoise(z, ¢, t) is the forward diffu-
sion step, yielding the latent noisy diffusion intermediate, £ is the training loss, A and 7,
are user-defined hyperparameters (see Tab. A.1), controlling the weights of the pixels out-
side the inpainting mask and confidence masks, respectively, relative to the pixels inside
the inpainting mask, ZT_W, (j,,_,T denote the appearance and geometric cues including the

perturbed renders, and y denotes the text prompt, respectively.

3.5 Autoregressive Scene Inpainting

With our geometry estimator (Sec. 3.3) and geometry-aware inpainter (Sec. 3.4), we can
now iteratively inpaint the entire scene. To begin, we initialize the scene geometry by

running DUSt3R on the incomplete input views, as

G < DUSt3R({(L;, M;,0)}}L,, G, Gprewser) (3.35)
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where Gpre.q 18 the set of ground-truth geometry parameters that we wish to pre-set. For
small-baseline scenes and the few-view inpainting task, we compute DUSt3R on a com-

plete symmetric scene graph, G = (V, ), with
E={(i,j) €V x Vii # j}, (3.36)

connecting each view to all other views. However, for large-baseline scenes, we restrict

the connections of each view to their k closest views, as
E={(i,j) € V x Vii#j,j € TopK(V, —d(i, j))}, (3.37)
J

where TopK; (S, f(i)) denotes the top k elements of the set S according to function f, and
d(i, 7) is the view distance function defined as Eq. (3.9).

We also initialize the “autoregressive set”, which holds a tuple for each view containing
the image and an inpainted-status indicator, as

{(E,bi)}{vl —{(L o =M, 0}, (338)

=

which will be autoregressively updated. A random view, 71, is then selected to start the
inpainting. Algorithm 2 provides a high-level overview of our complete autoregressive
scene inpainting procedure. Each iteration consists of three steps: (i) inpainting a subset
of not-yet-inpainted images, 7, conditioned on a set of reference images, R, and updating
the autoregressive set, as explained in Sec. 3.5.1, (ii) updating the scene geometry with

the inpainted images, as explained in Sec. 3.5.2, and (iii) selecting a subset of images
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Algorithm 2 A high-level pseudo-code for our autoregressive scene inpainting procedure.
We denote — as logical negation, ® as Hadamard product, \ as set subtraction, | as condi-
tioning indicator, and (Ry, tx) € SE(3), K € R3*3 as the camera parameters of the kth
view of the estimated geometry, G.

1: procedure INPAINTAUTOREGRESSIVELY ({ (Z;, M;)}N 1, G, Gpre-ser)
~ N
2: { <IZ-, bi> } — {(I; ® ~M;, O)}iN:1 > Initializing the autoregressive set and
=1

1=

inpainted indicators

3: G <+ DUST3R({(L;, M;,b:)}N1, G, Gpreser) > Initializing the geometry
4: i1 < RANDINT(1, V) > Randomly select the first view
5: D «+ [d(R;,R;)] 5\;:1 > Form the view distance matrix
6: K < SELECTKEYVIEWS(D, i) > Key-view subset (Algorithm 3)
7: for 7 in K do
8: R« {1,...,N}\ {7} > All other views are references
~ N
9: Ar_or, Gryr RENDERCUES({ (Ii, M;, bl>} LG, R, T)
i=1
10: I. < GEOAWAREINPAINT(/,, M., R, t-, K, | Ar—r,Gr—r)
11: b, <1 > Mark the view as inpainted
~ N
12: G < UPDATEDUST3R (G, { ([i, M;, bl>} .G, {1})
i=1
13: end for
14: T+ {l,...,N}\ K > All remaining views are targets

15: {(Agsr, Gror) er {RENDERCUES({ <f,, M;, bi> }Nl .G, K, 7)}

2

TET
16: {TT} < {GEOAWAREINPAINT (I, M7, R, t -, K | Axsr, Grsr) } et
TET
~\N
17: return {L}
18: end procedure

=1

to be inpainted at the next autoregressive iteration, as explained in Sec. 3.5.3. A high-
level illustration of these steps and a step-by-step example are provided in Fig. 3.1 (b) and

Fig. 3.5, respectively.
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Autoregressive Steps

Autoregressive Set Reference Cues | Autoregressive Set Reference Cues | Autoregressive Set Reference Cues | Autoregressive Set Reference Cues | Autoregressive Set Reference Cues | Autoregressive Set

Figure 3.5: A step-by-step illustration of autoregressive inpainting in the first stage, where
a key-view subset of the scene is progressively inpainted. Note the consistency preserved
throughout the process.

3.5.1 Geometry-Aware Inpainting

For each target view, 7 € T, we select a subset of reference views, R, from the autore-
gressive set, prioritizing those already inpainted (see Sec. 3.5.3). Following Sec. 3.4, we
render appearance and geometric cues from all reference views, run parallel diffusion pro-
cesses, and fuse noise estimates at each step via the predicted confidences. In short, we

denote this process as

I, «+ GeoAwarelnpaint(Z,, M, Rr, t., K, | A _r,Gr _r). (3.39)
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3.5.2 Scene Geometry Update

In this step, we update the geometry of the target views using the inpainted images. In the
first autoregressive step, before any image is inpainted, we run DUSt3R on the entire scene
graph, yielding G. In each remaining step, where the views 7 C V are being inpainted,
we only update their corresponding vertices, 7, and edges, £+ = {(i,j) € E;i € T}, of
the scene graph, initialized by the current state of G, while freezing other parameters. We

denote this update as

G « UpdateDUSt3R(G, { (f M, bi) }N G T). (3.40)

=1

This greatly reduces the run-time of the geometry update, which is significant, since it is

performed after every iteration of autoregressive inpainting.

3.5.3 Selecting the Next Images to Inpaint

We employ a two-stage strategy for the autoregressive process. First, we inpaint a key-
view subset of the scene, one by one, to generate the missing content of the scene. Then,
we propagate the generated content to the remaining views simultaneously. At the begin-
ning of the first stage, we use a greedy min-max approach to select the key-view subset.

Let N be the number of views in the scene. We first form the view distance matrix

D= {d(i,j)} , (3.41)
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Algorithm 3 Pseudo-code for selecting a key-view subset of the scene. D, i, \ denote the
view distance matrix, the initial image to be inpainted, and set subtraction, respectively.

1: procedure SELECTKEYVIEWS(D € RV*VN 4, € N)
2 K = [iy] > Initialize the key-view set
3 fornin[l,...,N — 1] do
4: in = arg max;q  minjex D3, ] > Next key-view using min-max
5: K = Concat(K, [iy,]) > Extend the key-view set
6 end for
7 ~
8 K = [iy] > Initialize the sorted key-view set
9 fornin[l,...,N — 1] do
10: ip = ATgMin,; g ﬁ > e DIli, ] > Minimize the mean distance to the
previous sorted views
11: K = Concat(K, [iy)) > Extend the sorted key-view set
12: end for
13: return K

14: end procedure

where d(i, j) is the view distance function defined in Eq. (3.9). Beginning with the ran-
domly selected view to start the inpainting, 7;, we iteratively add the view that maximizes
the minimum distance to the existing subset. Once selected, we order them to minimize
the mean distance to the views in the previous steps. This procedure is summarized in Al-
gorithm 3. The key-view stage follows the sorted order, with each target view conditioned
on the entire autoregressive set, inpainted or not. In the propagation step, the remaining

views are conditioned only on the inpainted key-view images.

3.6 Summary

This chapter presented a geometry-aware approach for multiview-consistent 3D scene

inpainting. Our method combines three key components: (1) a scene geometry esti-

33



mator adapted from DUSt3R that handles incomplete views, (2) a geometry-aware dif-
fusion model that leverages projected appearance and geometric cues with hierarchical
confidence-based fusion, and (3) an autoregressive framework that iteratively inpaints the

key-view subset before propagating content to remaining views.
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Chapter 4

Empirical Evaluation

This chapter presents a comprehensive empirical evaluation of our geometry-aware 3D
scene inpainting method. We evaluate our approach across multiple challenging scenarios
to demonstrate its effectiveness in achieving multiview-consistent inpainting results while
maintaining high visual quality.

We begin in Sec. 4.1 by detailing our implementation specifics, including training con-
figurations, hardware requirements, and hyperparameter settings that enable our method
to achieve robust performance across diverse scene types. Sec. 4.2 establishes our eval-
uation framework, covering the datasets used for assessment, baseline methods for com-
parison, and metrics employed to measure both visual quality and multiview consistency.
The comprehensive evaluation spans three distinct tasks: narrow-baseline object removal,
wide-baseline scene completion, and few-view inpainting, each presenting unique chal-
lenges that test different aspects of our approach.

In Sec. 4.3, we present our main experimental findings, demonstrating superior perfor-
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mance across all evaluation tasks through both quantitative metrics and qualitative compar-
isons. Finally, Sec. 4.4 provides detailed ablation studies that analyze the key components
driving our method’s success, validating our architectural decisions and design choices.
Our evaluation demonstrates that our geometry-aware approach successfully addresses
the fundamental challenges of 3D scene inpainting while maintaining computational effi-

ciency and practical applicability across diverse real-world scenarios.

4.1 Implementation Details

We use PyTorch3D [57] for mesh rendering. As mentioned in Sec. 3.4.6, we initialize
our reference-guided inpainter as a Stable Diffusion v2, fine-tuned for inpainting [60, 70].
For training, we use a mixture of two datasets, MS COCO [36] and Google Scanned
Objects [16], where we upsample Google Scanned Objects (GSO) so that the ratio of GSO
to MS COCO samples in each epoch is 1 : 10. Since GSO lacks text captions, we use
Kosmos-2 [51] to caption a front-facing view of each object. For MS COCO, we use the
existing dataset captions as text prompts during training and synthesize the reference-based
geometric cues using DepthAnything V2 [89]. Training and evaluation are performed on
NVIDIA L40 GPUs (16 for training, one for inference). To make the model robust towards
color and texture discrepancies across multiple views, we randomly augment the texture
of the reference mesh using color jitter (brightness, contrast, saturation, and hue). To
preserve classifier-free guidance [22] capabilities, we randomly drop the text prompt with
a probability of 0.1. If the generated mask for an image is a 3D occluder volume, we

randomly drop the reference content occluded by the occluder volume with a probability
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of 0.2. This will enable conditioning the model on not-yet-inpainted reference views.
Notice that our model must be capable of both transferring reference information and
also inpainting when no reference information is present. We use AdamW [40] with a
constant learning rate schedule. During inference, we adopt the DDIM sampler [68] with
50 denoising steps. For all hyperparameters including data augmentation factors, training

configuration, and loss weights, please refer to Tab. A.1.

4.2 Evaluation Protocol

To comprehensively assess our geometry-aware 3D scene inpainting method, we design
an evaluation protocol that spans multiple challenging scenarios and datasets. Our evalu-
ation encompasses three distinct tasks that test different aspects of our approach: narrow-
baseline object removal on front-facing scenes, wide-baseline scene completion on com-
plex environments, and few-view inpainting with limited viewpoint coverage.

For each task, we follow established evaluation protocols and compare against state-
of-the-art methods specifically designed for 3D scene inpainting and related tasks. Our
evaluation metrics are carefully chosen to assess both visual quality and multiview con-
sistency, addressing the core challenges of 3D scene inpainting. We employ established
metrics for 3D inpainting tasks (both object removal and scene completion), extending
the evaluation by introducing additional metrics to assess image quality and multiview
consistency, with appropriate adaptations for the inpainting context.

The following subsections detail our datasets (Sec. 4.2.1), baseline comparisons (Sec. 4.2.2),

and evaluation metrics (Sec. 4.2.3), establishing the foundation for our empirical analysis.
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4.2.1 Datasets

To evaluate our method for narrow-baseline inpainting, we use the SPIn-NeRF [48] dataset,
a widely used benchmark for object removal in front-facing real-world scenes. This dataset
consists of 10 scenes, each with 60 images featuring the object to be removed and corre-
sponding object masks. Each scene also includes 40 other views as ground truth for object
removal, without the presence of the mentioned object.

In addition, we also use the scene-centric portion of the NeRFiller [85] dataset to fur-
ther investigate the performance of our method on more complex scenes, particularly those
with larger baselines. This dataset serves as a benchmark for the scene completion task.
Specifically, we use the following scenes as the scene-centric portion of the NeRFiller
dataset for the wide-baseline scene completion task: “backpack”, “billiards”, “drawing”,
“norway”, and “office”.

For the few-view inpainting task, we use both SPIn-NeRF and the scene-centric portion
of NeRFiller, resulting in 15 scenes. For each scene, we uniformly sample eight two-view

subsets and eight three-view subsets, yielding a total of 240 few-view sets.

4.2.2 Baselines

For object removal, we compare our method to state-of-the-art approaches on the SPIn-
NeRF dataset, specifically: SPIn-NeRF [48], which inpaints images and depth maps to
supervise the NeRF fitting process; RefFusion [50], which adapts an inpainting diffusion
model to a reference image and uses SDS to inpaint a 3DGS [29] with the reference-
adapted diffusion model; InFusion [39], which inpaints a 3DGS by inpainting the depth

map of an inpainted reference image; MVIP-NeRF [8], which uses SDS to inpaint a NeRF
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by inpainting the rendered images and normal maps via a diffusion prior, and MALD-
NeRF [35], which inpaints a NeRF by performing masked adversarial training to cus-
tomize a diffusion model for each scene. Additional results from other methods are pro-
vided in Appendix A.3.

For scene completion, we compare our method to Stable Diffusion [60], which is the
naive baseline of independent 2D inpainting, and NeRFiller [85], which uses IDU [19] to
alternate between editing input images and updating the NeRF supervised by the edited
images.

Finally, for the few-view task, we compare our method to SPIn-NeRF [48] and NeR-
Filler [85]. For this task, we use NeRFiller with no changes. However, since SPIn-NeRF
relies on COLMAP’s [63] sparse depth as a training signal, we disable this supervision for

the few-view task, as scenes from the NeRFiller dataset lack COLMAP information.

4.2.3 Metrics

For the SPIn-NeRF dataset, we use the same evaluation protocol as reported in the original
paper [48]. Specifically, we compute LPIPS [96] (with VGG-16 [66]) and FID [21] be-
tween the inpainted images and the ground-truth images, cropped by the inpainting mask’s
bounding box. The bounding box’s size is increased by 10% before cropping, uniformly
in each direction. We additionally assess the sharpness of the inpainted images within
the inpainting mask using the Laplacian variance [52]. Since our inpainting method does
not explicitly enforce 3D consistency via a 3D radiance field, we evaluate the consistency
based on epipolar geometry, using the TSED metric [91]. TSED evaluates the consistency

of adjacent pairs in a view set [91]. On the SPIn-NeRF dataset, as the scenes have very
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small baselines, all possible view pairs are considered adjacent. In addition, our feature
correspondences are limited to those inside the inpainting masks. Unlike [91], which con-
siders a minimum of 10 feature matches for consistency, we only consider a minimum of
two feature matches, as the inpainting mask is significantly smaller than the whole frame.

For the NeRFiller dataset, we use the same evaluation metrics as NeRFiller [85]. Since
these metrics are computed on NeRF renders, we fit a NeRF on our inpainted images di-
rectly. Specifically, we compute PSNR, SSIM, and LPIPS, by comparing the rendered
training views of the fitted NeRF to the inpainted images (i.e., the dataset used to fit the
NeRF), along with MUSIQ [28] and Correspondence Score (Corrs) [85] on a video ren-
dered from the NeRF. In addition to the metrics used by NeRFiller, we also evaluate the
sharpness of both inpainted images and the NeRF renders. Finally, we compute TSED
to evaluate consistency across images. As scenes in the NeRFiller dataset have a wide
baseline, we only consider the two closest views to a view as adjacent views.

Finally, for the few-view inpainting task, as there is no ground truth available, we only
compute sharpness and MUSIQ to evaluate image quality. We also compute Corrs and
TSED on all possible image pairs in the few-view set, to evaluate geometric and semantic
consistency across views. All metrics are computed only inside the bounding box around
the inpainting mask for the few-view inpainting task.

For detailed explanations of the specialized metrics used in our evaluation, we re-
fer readers to Appendix A.2, which provides comprehensive descriptions of TSED (Ap-
pendix A.2.1), MUSIQ (Appendix A.2.2), and Corrs (Appendix A.2.3).
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4.3 Results

In this section, we present comprehensive experimental results demonstrating the effec-
tiveness of our geometry-aware 3D scene inpainting method across three challenging tasks.
We begin with narrow-baseline object removal (Sec. 4.3.1), followed by wide-baseline
scene completion (Sec. 4.3.2), and conclude with few-view inpainting (Sec. 4.3.3). For
each task, we provide both quantitative metrics and qualitative comparisons against state-
of-the-art baselines, highlighting our method’s superior performance in achieving multiview-

consistent, high-quality inpainting results.

4.3.1 Object Removal on Narrow-Baseline Scenes

Due to the narrow baseline, we perform single-reference inpainting for this task. As our
method does not rely on fitting a NeRF on the training views, and the evaluations are
performed on the test views, we follow SPIn-NeRF’s [48] procedure to evaluate image
inpainters, e.g., LaMa [72]. Specifically, we first fit a NeRF on the training views and
render the test views, which will now contain the unwanted object. The rendered test views
are then used as inputs to our inpainting method. To evaluate SPIn-NeRF, InFusion, and
MVIP-NeRF, we run their official code to reproduce the results. Since RefFusion does
not provide publicly available code, we report the numbers provided by the paper. For
MALD-NeRF, we evaluate their publicly available inpainted images for the SPIn-NeRF
dataset. As shown in Tab. 4.1 and Fig. 4.1, our method outperforms all baselines on the
SPIn-NeRF benchmark.

We obtain comparable sharpness and LPIPS to MALD-NeRF, while significantly out-
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Table 4.1: Quantitative evaluation of the object removal task on SPIn-NeRF dataset with
directly comparable results using consistent evaluation protocols. We denote sharpness
(x1075) as o, the percentage of consistent image pairs (TSED) at i, = 2.0px as Topx,
and average run time per scene as 7. Additional results from other methods are provided
in Appendix A.3.

Method \ LPIPS | FID | ot \ Topx T \ T
SPIn-NeRF [48] 0.4864 160.42 13.74 61.04 1h 40m
RefFusion [50] 0.4283 - - - -
InFusion [39] 0.6692 244.19 9.30 35.88 14m
MVIP-NeRF [8] 0.5268 215.60 11.96 58.33 17h 38m

MALD-NeRF [35] 130.95 58.22

Ours

—— Ours
—=&— SPIn-NeRF
InFusion
—a&— MVIP-NeRF
—+— MALD-NeRF

Consistency %
o
o

$ | | |
1 2 3 4
Terror (pixels)

Figure 4.1: Evaluation of 3D consistency of the object removal task on the SPIn-NeRF
dataset, using TSED, for various values of 7¢,.

performing it on other metrics (FID and TSED). Further, we demonstrate the ability to
handle sparse-view inpainting (see Sec. 4.3.3), which cannot be easily handled by NeRF-
based approaches. Please see Appendix A.4 for further analysis.

Furthermore, our method is also efficient, achieving faster scene inpainting compared
to other methods. In Fig. 4.1, we observe that when 7., = 1.0px, almost all other meth-

ods achieve the same consistency as our method. Since all other methods are inherently
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Masked Input SPIn-NeRF InFusion MVIP-NeRF MALD-NeRF Ours

A e i, - i ——

-] L]

Figure 4.2: Qualitative object removal comparisons on the SPIn-NeRF dataset. Notice
some other methods produce blurry regions (e.g., at the bench end) due to multiview in-
consistencies, while ours preserves sharpness and visual plausibility. Please zoom in for
details.

3D-consistent through 3D radiance fields as the core of their approach, this means our

method also achieves a 3D-consistent inpainting. However, in contrast to our method,
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SPIn-NeRF InFusion MVIP-NeRF MALD-NeRF

Figure 4.3: Visualized depth maps of various methods’ inpaintings on the SPIn-NeRF
dataset. The depth maps are obtained by running DUSt3R on the inpainted images. The
corresponding inpainted images are also shown.

other methods do not improve (increase) as much as the error threshold increases. This
is primarily because other methods enforce 3D consistency by fusing cross-view informa-
tion through a 3D radiance field, resulting in blurry output renders. Since TSED computes
SIFT features, naturally fewer such features will be detected from a blurry image, damag-
ing the TSED score. In contrast, our method produces significantly sharper images (see
Tab. 4.1 for details), resulting in more detected features and thus a higher TSED. Finally,
we present a set of qualitative results in Fig. 4.2, demonstrating that our method produces
sharper images than the baselines, indicating the efficacy of our cross-view fusion, which
operates in a learned space, rather than pixel space. Furthermore, the depth map visualiza-
tions in Fig. 4.3 further highlight that our method produces inpainted images with realistic

and coherent geometry, as evidenced by the plausible depth structure.
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Table 4.2: Evaluation of scene completion on the NeRFiller dataset. We denote sharpness
(x1075) as o, the percentage of consistent image pairs (TSED) at i, = 2.0px as Topx,
average run time per scene as 7, independent 2D inpainting as “2D”, - for direct outputs
of the inpainting model, and -V for NeRF renders.

Method
Stable Diffusion (2D) [60]
NeRFiller w/o depth [85]
NeRFiller [85]
Ours

|PSNR 1 SSIM 1 LPIPS | |[MUSIQ 1 Corrs 1| o” 1 o™ 1| 750 1+ Toy, *
2469 085  0.10 377 1120 2555] 9.81 86.55
2796 088  0.07 3.68 1146
2768 087  0.08 3.69 1185

Masked Input

NeRFiller

Ours

- " a N A . = & £, Sl - |
v vy UN Zoomed v U1 vy UN Zoomed v

Figure 4.4: Qualitative scene completion comparisons on the NeRFiller dataset. NeRFiller
can converge to blurry content, due to mixing divergent views, while ours generates and
then propagates sharp content (e.g., see details in the backpack or window glass in the
zoomed patches). Each view in a scene is denoted by v;, where ¢ is the view index.

4.3.2 Scene Completion on Wide-Baseline Scenes

The quantitative results for the scene completion task are presented in Tab. 4.2, demon-
strating the superiority of our method on all metrics. We also show that our method is less
time-consuming than NeRFiller. Moreover, although fitting a NeRF on our inpaintings re-
duces sharpness, they still remain significantly sharper than NeRFiller’s. We qualitatively
illustrate this in Fig. 4.4.

To evaluate 3D consistency, we report TSED on two sets of images, (i) the NeRF

datasets (i.e., direct outputs of the inpainting models), and (ii) the NeRF renders. For
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Figure 4.5: Evaluation of 3D consistency of the scene completion task on the NeRFiller
dataset using TSED. The left inset shows the consistency of the “source images” (dataset)
used to train the NeRF (i.e., the direct outputs of the generative inpainter used in each
method). For NeRFiller, we use the dataset from the latest Dataset Update iteration. The
right inset shows the consistency of the NeRF renders, from a NeRF fit to those source
images.

NeRFiller, we use the dataset produced in the latest Dataset Update iteration. As shown
in Tab. 4.2 and further visualized in Fig. 4.5, our dataset used to fit the NeRF is signifi-
cantly more consistent than that of NeRFiller, resulting in a higher consistency score for
the final NeRF renders. The left inset of Fig. 4.5 compares the source images (direct
outputs of the generative inpainter) used for NeRF fitting, revealing a substantial gap in
multiview consistency between NeRFiller and ours. This improvement stems from our
geometry-aware inpainting model, which is specifically trained to propagate information
across views in a multiview consistent manner. In contrast, NeRFiller employs a geometry-
unaware inpainting model, which cannot directly leverage the knowledge encoded in the
3D scene to inform the inpainting. The right inset of Fig. 4.5 shows that fitting a NeRF
on these datasets increases overall consistency, but our consistently inpainted images still

yield more consistent NeRF renders. We also significantly outperform the naive 2D-only

baseline (independent inpaintings; see Sec. 4.4.1 for details).

66



Table 4.3: Quantitative evaluation of the few-view task. We denote the presence of camera
parameters as (R, t, K) and depth maps as D, sharpness as o, the percentage of consistent
image pairs (TSED) at Tty = 2.0px as T, and average run time per scene as 7.

Method (R,t,K) D | o7 MUSIQ 1 Corrst | Dot | 71
SPIn-NeRF [48] v X 17.18 3.26 278 25.42 15m
NeRFiller [85] v X 5.05 3.41 187 18.54 13m
NeRFiller [85] v v 5.41 3.42 183 18.96 13m
Ours X X
TSED 1
T T T T e Ours
60 |- // S| |[——  SPI-NeRF
—e— NeRFiller
—=— NeRFiller w/o depth

Consistency %
5
T
\

\

Terror (pixels)

Figure 4.6: Evaluation of 3D consistency on the few-view inpainting task.

4.3.3 Few-View Inpainting

We use single-reference inpainting for the few-view inpainting task. As depicted in Tab. 4.3,
we outperform all the baselines on the few-view inpainting task, even without the need to
use the ground-truth camera parameters and depth maps, making it more self-contained.
The TSED results demonstrate our method achieves a higher consistency score, mainly due
to the other methods relying on fitting a NeRF, which is suboptimal for extremely sparse
views. This is evident in Fig. 4.6, which illustrates the success of our method on inpainting
scenes with very few views. We achieve a noticeable improvement over the baselines in
terms of TSED consistency, as the difficulties encountered when fitting NeRFs on very
few views result in both inconsistency and blurriness. The qualitative results shown in
Fig. 4.7 further confirm the higher quality of our inpainted images, which are sharper and

more visually plausible.
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Masked Input

SPIn-NeRF

NeRFiller
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SPIn-NeRF

NeRFiller
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Figure 4.7: Qualitative comparisons for few-view inpainting. Our inpainted images are
sharper and more visually plausible.

68



4.4 Ablation Studies

Having demonstrated the superior performance of our method across diverse tasks, we now
analyze the key components that drive its success through comprehensive ablation studies.
Our analysis spans three key dimensions: First, we establish the fundamental importance
of geometry-aware cross-view fusion by comparing against independent 2D inpainting
baselines (Sec. 4.4.1). Second, we examine the individual contributions of our inference-
time strategies, including autoregressive inpainting and the role of ground-truth geometric
information (Sec. 4.4.2). Finally, we validate our core architectural decisions by ablating
various design choices in training datasets, conditioning mechanisms, and fusion strategies
(Sec. 4.4.3). These studies collectively reveal the importance of our design choices and

validate the effectiveness of our approach.

4.4.1 Comparison with Independent 2D Inpainting

As observed in prior work [85], independent inpainting fails to produce consistent content
across views. Since reference-based geometry-awareness is one of the core components
of our approach, we also present a comparison between our geometry-aware inpainting
and the naive baseline of geometry-unaware inpainting (i.e., independent 2D inpainting),
in Tab. 4.4. We compare our approach to three state-of-the-art diffusion-based 2D inpaint-
ing methods: Stable Diffusion [60] (which our model is based on), ControlNet [95], and
BrushNet [27]. Note that our model, just as for the 2D inpainter baselines, is also a latent
diffusion model with a similar overall architecture, operating on a single image at a time.

In other words, we do not use an explicit or implicit 3D radiance field when inpainting
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Table 4.4: Evaluating our method against independent inpainting on scene completion.
“2D” indicates independent 2D inpainting.

Method \ PSNR 1 SSIM 1 LPIPS | \ MUSIQ 1 Corrs 1
Stable Diffusion (2D) [60] 24.69 0.85 0.10 3.77 1120
ControlNet (2D) [95] 21.33 0.83 0.14 3.70 1024
BrushNet (2D) [27] 22.84 0.83 0.13 3.77 1081
Ours

the views. The difference lies only in the conditioning signals: our diffusion model is in-
formed by the 3D world and other views through the various cues passed to the generator
at inference time. After inpainting all the views, similar to our method, a NeRF is fit to
the inpainted views and the rendered images and videos are assessed to compute the eval-
uation metrics (refer to Sec. 4.2 for details). As demonstrated, our method significantly

outperforms all baselines, confirming its superior quality in the context of 3D inpainting.

4.4.2 Ablation of Inference-Time Strategies

In Tab. 4.5, we ablate various inference-time strategies of our inpainting pipeline on scene
completion. We observe that, for wide-baseline datasets like NeRFiller, our autoregres-
sive procedure (Sec. 3.5) is essential, as a single reference lacks sufficient information for
a wide baseline (first row). We also find that providing DUSt3R with ground-truth depth
maps has little effect on performance, highlighting the robustness of our method. How-
ever, ground-truth camera parameters have a more significant impact (second to fourth
rows). This is mainly because optimizing camera parameters in DUSt3R involves com-
plex global alignment, whereas, when camera parameters are known, optimizing the depth
maps becomes a much simpler task. The qualitative example in Fig. 4.8 also confirms our

findings.
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Table 4.5: Ablation of available inputs and inpainting strategies on the NeRFiller scenes
dataset. We denote the camera parameters as (R, t,K), depth maps as D, inpainting
strategy as St., single-reference inpainting as SR, and autoregressive inpainting as AR.
Note that the last row represents our full strategy.

(R, t,K) D St. | PSNRtT SSIM LPIPS| | MUSIQ? Corrs 1
v SR 27.42 0.88 0.07 3.77 1232
X X AR 28.32 0.88 3.78 1235
X v AR 28.29 0.88 3.79 1231
v X AR 28.44
v v AR 1250

Camera + Depth Camera-only Depth-only Neither Single-reference

Figure 4.8: A qualitative example from the ablation of inference-time strategies, confirm-
ing ground-truth camera parameters and the autoregressive procedure affect the quality of
the inpainted scene, whereas ground-truth depth maps have little impact.

4.4.3 Model Design Ablation

Finally, we ablate or vary several design decisions in our training and fusion strategies,
including training datasets, availability of geometric cues (Gr) in the conditioning signals,
whether to align the reference images to the coordinate of the target image by reprojection,
and whether to use mesh perturbation. According to Tab. 4.6, we find that although mesh

perturbation (Sec. 3.4.6) does not improve image-based metrics, it has a significant impact
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Table 4.6: Ablation of various design choices in training and fusion, including condition-
ing signals, datasets, and other algorithmic components. We denote the presence of geo-
metric cues in the conditioning signals as Gr. ‘Closest camera’ and ‘Weighted average’
ignore the predicted confidence masks; the former solely conditions on the closest view
that has been inpainted, and the latter takes a weighted average of the noise estimates, pro-
portional to the inverse view distance between the reference view, r, and the target view, 7,
ie., d(+ﬂ (Eq. (3.9)). ‘Single confidence’ means that, since back-face and shadow masks
are disabled, there is only one confidence signal, derived from the front-face mask. The
last row represents our full model, which is superior on nearly all metrics, compared to
other variants.

Training datasets Gr Reference Perturbation Fusion PSNR 1 SSIM 1 LPIPS HMUSIQ 1 Corrs 1

RealEstate]0K + GSO X Naive N/A Weighted average| 24.34  0.85  0.10 3.79 1113

RealEstate10K + GSO v/ Reprojected v/ Hierarchical | 27.12 0.87 006 | 3.76 1182
COCO + GSO X Reprojected v Single confidence| 28.36  0.88 3.78 1223
COCO+GSO v Reprojected v/ Weighted average 006 | 377 1166
COCO + GSO v Reprojected v Closest camera | 27.36  0.88 0.06 3.78 1204
COCO+GSO v Reprojected X Hierarchical | 29.25 372 1222
COCO + GSO v Reprojected v Hierarchical 28.59

on video-based metrics, i.e., a higher image quality and consistency.

Moreover, we find that it is essential to use our hierarchical fusion method (Sec. 3.4.5),
as alternative approaches such as “weighted average” and “closest camera” lead to lower
performance. On the other hand, “weighted average” achieves the highest PSNR and SSIM
among all settings. This is primarily because averaging multiple noise estimates may
fuse inconsistent information, producing a blur artifact similar to NeRF renders. Since
the inpainted images are already significantly blurred, fitting a NeRF does not introduce
additional blurriness. This will result in higher consistency between the inpainted images
and their corresponding NeRF renders, leading to higher PSNR and SSIM, though at the
cost of lower overall image quality, as reflected in other metrics.

We also observe the importance of conditioning the inpainter on the geometric cues

(Sec. 3.4.4). Note that in this case, fusion is performed using a single confidence mask;
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with back-face and shadow masks disabled, the only confidence signal comes from the
front-face mask.

As mentioned in Sec. 3.4.6, we use a single-view image dataset instead of a multiview
one, to ensure a greater data diversity. To explore the effectiveness of a single-view dataset,
we compare our base model with the same model trained on RealEstate 10K [100] instead
of COCO [36]. RealEstate10K, which includes a large set of scenes represented as posed
multiview image sets, is commonly used for training large-scale cross-dataset novel view
synthesis models (e.g., [80, 92]). To obtain multiview depth maps for RealEstate10K, we
run DUSt3R on all the videos as a pre-processing stage. Tab. 4.6 shows that our base
model outperforms the one trained on RealEstate10K.

Finally, we evaluate a model naively conditioned on the reference image without any
3D reprojection, instead of our coordinate-aligned conditional inpainting. As reference-
based photometric and geometric cues are synthesized for a single-view image dataset like
COCO, and no actual reference image exists, we train this model on RealEstate10K. In
other words, for naive conditioning, we must use a dataset with multiple posed views per
scene, so that one may be used as target and the other as conditioning; our synthetic single-
image reprojections, which have only one frame, therefore cannot be used. As presented in
Tab. 4.6 (the first two rows), coordinate-aligned conditional inpainting outperforms naive

conditioning on RealEstate10K.
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Chapter 5

Conclusion

In this thesis, we have presented a novel geometry-aware approach to multiview-consistent
3D scene inpainting that addresses fundamental challenges in the field while offering prac-
tical advantages over existing methods. Our work represents a significant departure from
traditional approaches that rely on 3D radiance field representations, instead leveraging
the power of learned generative spaces and geometry estimation to achieve superior visual
quality and geometric consistency, respectively.

The core innovation of our approach lies in the development of a geometry-aware
conditional diffusion model that performs cross-view information fusion in the learned la-
tent space of a generative model, rather than in pixel space as done by existing radiance
field-based methods. This fundamental design choice enables us to maintain the sharp,
high-quality outputs characteristic of modern diffusion models while ensuring multiview
consistency through explicit geometric constraints derived from scene geometry estima-

tion.
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Our method successfully addresses the primary limitations of existing approaches in
several key ways. First, we eliminate the dependency on dense view coverage that con-
strains radiance field-based methods, enabling effective inpainting even with sparse view-
point sets through our few-view capability. Second, we avoid the blurry outputs that result
from pixel-space fusion of inconsistent cross-view inpainting by operating in the learned
space of our geometry-aware diffusion model. Third, we achieve computational efficiency
through our autoregressive framework that sequentially processes the key-view subset be-
fore propagating content to remaining viewpoints, avoiding the extensive iterative refine-
ment cycles required by methods based on Score Distillation Sampling (SDS) [53] or
Iterative Dataset Update (IDU) [19].

Our comprehensive empirical evaluation across three challenging tasks (narrow-baseline
object removal, wide-baseline scene completion, and few-view inpainting) demonstrates
state-of-the-art performance on established benchmarks. On the SPIn-NeRF dataset for
object removal, our method achieves superior visual quality and consistency while main-
taining significantly faster runtime compared to existing approaches. For scene completion
on the NeRFiller dataset, we outperform all baselines across quantitative metrics while
producing sharper, more visually plausible results. Most notably, our method excels in the
few-view inpainting scenario, where traditional radiance field-based approaches struggle
due to insufficient viewpoint coverage for reliable 3D model fitting.

The technical contributions of our work extend beyond the core algorithmic innova-
tions. Our approach to synthesizing multiview training data from single-view images en-
ables leveraging large-scale 2D datasets for training geometry-aware multiview inpainters,

addressing the scarcity of 3D scene data. Our hierarchical confidence estimation mecha-
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nism provides robust fusion of information from multiple reference views while adapting
to geometry estimation errors.

Our ablation studies validate the importance of each component in our framework.
The comparison with independent 2D inpainting methods confirms the critical role of
geometry-aware cross-view fusion in achieving consistent 3D inpainting results. The anal-
ysis of inference-time strategies demonstrates the necessity of our autoregressive approach
for wide-baseline scenarios and highlights the robustness of our method to imperfect geo-
metric information. The model design ablations reveal the effectiveness of our hierarchical
fusion strategy and the value of coordinate-aligned conditional inpainting over naive ref-
erence conditioning approaches.

While our approach achieves strong performance across all evaluated scenarios, it is
not without limitations, as outlined next in Sec. 5.1. The dependency on external tools
(Stable Diffusion for generative inpainting and DUSt3R for geometry estimation) means
that failures or limitations in these components are propagated through our pipeline. While
our method demonstrates graceful degradation in the presence of such failures, extreme
errors in geometry estimation or highly out-of-distribution inpainting scenarios can impact
the quality of results. Nevertheless, the modular nature of our approach means that future
improvements to these foundational tools will directly benefit our method.

The broader impact of our work extends across multiple domains, as discussed later in
Sec. 5.2. Our method’s unique capabilities (particularly the few-view inpainting capabil-
ity and computational efficiency) make it well-suited for practical applications in cultural
heritage preservation, virtual and augmented reality content creation, film production, and

autonomous systems research. The ability to work with sparse view coverage addresses
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real-world constraints where dense image capture may be impractical or impossible, sig-
nificantly expanding the applicability of 3D scene inpainting technology.

Looking forward, our work opens several promising research directions, as explored
below in Sec. 5.3. Most notably, the geometry-aware approach demonstrated for static
scenes could be extended to dynamic scenarios, enabling 4D inpainting that maintains
both spatial and temporal consistency for video editing applications. Additionally, while
our method achieves improved computational efficiency over existing approaches, fur-
ther work toward real-time performance could unlock new interactive applications in aug-
mented reality and immersive content creation.

In conclusion, this thesis has demonstrated that geometry-aware diffusion models rep-
resent a powerful paradigm for multiview-consistent 3D scene inpainting. By carefully
integrating scene geometry estimation with conditional generative modeling, we have de-
veloped an approach that achieves state-of-the-art performance while offering practical
advantages in terms of view coverage requirements, computational efficiency, and visual
quality. Our work contributes to the broader goal of making high-quality 3D content cre-
ation and manipulation more accessible and practical for real-world applications, while
maintaining the rigorous evaluation standards necessary for advancing the field of com-
puter vision and graphics.

The success of our geometry-aware approach suggests that the future of 3D scene ma-
nipulation lies not necessarily in more complex 3D representations, but in the thoughtful
integration of geometric understanding with powerful 2D generative priors. This thesis
provides a foundation for continued exploration of this promising direction, with the po-

tential to unlock new capabilities in 3D content creation and editing for years to come.
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Input Ours SD Inpainting

Figure 5.1: Our inpainting model inherits the limitations of Stable Diffusion for inpainting.
5.1 Limitations

While we have demonstrated improved image quality and cross-view consistency over
existing baselines, in addition to applicability to the few-view scenario, some shortcomings
remain in our approach. Our method relies on two external tools, Stable Diffusion [60]
for inpainting and DUSt3R [81] for geometry estimation. Hence, errors caused by these
tools (e.g., highly implausible inpaintings or errors in depth estimation) will be propagated
throughout the process, resulting in degraded outcomes. In the case of extreme failure in
these external tools (e.g. extreme errors in camera and depth estimation), our method is
unable to recover.

For instance, consider Fig. 5.1, showing the initial view for inpainting the “office”
scene from the NeRFiller dataset. Clearly, the failure of our method is inherited from
the Stable Diffusion inpainter, likely caused by out-of-distribution conditioning (highly
irregular inpainting mask in this case). Nevertheless, our method does not catastrophically

fail in such cases, even as extreme as this one, maintaining geometry and appearance
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quality elsewhere in the scene. We also expect that future improvements to the mentioned

tools will also benefit our approach.

5.2 Broader Impact

Our geometry-aware 3D scene inpainting method has the potential to generate significant
positive societal impact across various domains that rely on high-quality 3D content cre-
ation and manipulation. The ability to perform multiview-consistent inpainting opens new
possibilities for applications that require realistic and coherent 3D scene editing.

In the realm of cultural heritage preservation, our method can be instrumental in digi-
tally restoring damaged historical sites and artifacts. Museums and archaeological institu-
tions can use our approach to remove unwanted elements from 3D scans (such as modern
infrastructure or tourists) while maintaining the authentic appearance of historical envi-
ronments. The few-view capability of our method is particularly valuable in this context,
as many heritage sites have limited photographic documentation.

Virtual and augmented reality applications can benefit significantly from our approach.
Content creators can efficiently edit 3D scenes by removing or replacing objects while en-
suring visual consistency across all viewpoints. This capability is crucial for creating
immersive experiences where users can freely navigate the environment without encoun-
tering visual artifacts or inconsistencies. Our method’s ability to handle uncertain or par-
tial scene information makes it particularly suitable for real-time AR applications where
complete scene coverage may not be available.

In the film and entertainment industry, our method enables efficient post-production
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workflows for removing unwanted objects from scenes captured with multiple cameras.
The geometry-aware nature of our approach ensures that edits remain consistent regardless
of viewing angle, reducing the manual labor typically required for such tasks. The sharper
outputs achieved by our learned-space fusion approach, compared to traditional pixel-
space methods, are particularly valuable for high-quality content production.

Autonomous driving and robotics research can leverage our method for data augmenta-
tion and simulation. Researchers can modify existing 3D datasets by removing or altering
objects to create diverse training scenarios, potentially improving the robustness of per-
ception systems. The ability to perform consistent edits without requiring perfect camera
calibration makes our approach more practical for real-world robotics applications where
precise geometric information may be challenging to obtain.

However, our work also presents potential negative societal implications that must
be acknowledged. The ability to convincingly edit 3D scenes raises concerns about the
creation of misleading or deceptive content. Malicious actors could use such technology to
fabricate realistic 3D evidence of events that never occurred, potentially undermining trust
in visual documentation. The multiview consistency provided by our method makes such
manipulations particularly convincing, as they would appear authentic from any viewing
angle.

Furthermore, the technology could be misused for surveillance applications, where
scenes are altered to hide or fabricate activities. The potential for creating deepfake-like
3D content poses risks to privacy and could contribute to the spread of misinformation.

As with many advances in generative Al the responsible development and deployment

of 3D scene editing technologies requires careful consideration of ethical guidelines, po-
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tential regulatory frameworks, and education about the capabilities and limitations of such
systems. We encourage the research community to continue developing detection methods

and establishing best practices for the ethical use of 3D content manipulation technologies.

5.3 Future Directions

The geometry-aware approach to 3D scene inpainting presented in this thesis opens several
promising avenues for future research that could further advance the field of 3D content
manipulation and generation.

Extension to Dynamic Scenes (4D Inpainting). In this thesis, we have demonstrated
that equipping generative models with geometry-awareness is key to achieving geometric
consistency in static 3D scene inpainting. A natural and compelling next step would be
extending these ideas to dynamic scenes, effectively enabling 4D inpainting that maintains
both spatial and temporal consistency. This would involve developing methods that can
handle the additional complexity of motion and deformation while preserving the geo-
metric constraints that make our current approach successful. Such capabilities would be
particularly valuable for video editing applications, where objects need to be removed or
modified across both multiple viewpoints and temporal sequences. The challenge lies in
developing efficient representations that can capture 4D scene dynamics while maintaining
the quality and consistency advantages of our geometry-aware diffusion framework.

Real-Time Efficiency Improvements. Although our method has demonstrated sig-
nificant improvements in computational efficiency compared to existing 3D inpainting

approaches, particularly those based on iterative optimization techniques like Score Dis-
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tillation Sampling [53], it still falls short of real-time performance requirements for inter-
active applications. Working on improving this efficiency could be an interesting future
direction, making it closer to real-time applications. Real-time 3D inpainting would un-
lock new interactive applications in augmented reality, live broadcasting, and immersive
content creation, where users expect immediate feedback from their editing operations.
These future directions represent natural extensions of our core contributions and have
the potential to significantly impact the broader field of 3D computer vision and graph-
ics, making high-quality 3D content creation and manipulation even more accessible and

practical for real-world applications.
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Appendix

This appendix provides supplementary material in four sections: complete hyperparam-
eter configuration for reproducibility (Appendix A.1), detailed explanations of special-
ized evaluation metrics TSED, MUSIQ, and Corrs (Appendix A.2), additional object re-
moval results from prior works (Appendix A.3), and additional qualitative comparisons

with MALD-NeRF (Appendix A.4).

A.1 Hyperparameter Configuration

Tab. A.1 provides a comprehensive list of all hyperparameters used in our method, includ-
ing their values, descriptions, and references to where they are applied in the technical

approach.

A.2 Evaluation Metrics

This section provides detailed explanations of the specialized evaluation metrics used
throughout our empirical evaluation that may not be familiar to all readers. While stan-

dard computer vision metrics such as PSNR, SSIM, LPIPS, FID, and Laplacian variance
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Table A.1: Complete hyperparameter configuration used in our multiview inpainting
method.

Parameter Value Usage Description

Geometry Processing

Eedge 4 x 1072 Mesh construction (Sec. 3.4.2) Edge threshold for geometry processing

Dataset Preparation

Oa, 0.3 Reference poses (Sec. 3.4.6)  Standard deviation for rotation angle sam-
pling

o, 0.2 Reference poses (Sec. 3.4.6)  Standard deviation for translation sampling

Onmin 0.6 3D occluders (Sec. 3.4.6) Minimum occluder size parameter (both
datasets)

Omax (GSO) 1.0 3D occluders (Sec. 3.4.6) Maximum occluder size parameter for GSO
dataset

Omax (COCO) 0.8 3D occluders (Sec. 3.4.6) Maximum occluder size parameter for
COCO dataset

Reference dropout probability 0.2 3D occluders (Sec. 3.4.6) Probability of dropping occluded reference
content

Ca, 0.2 Mesh perturbation (Sec. 3.4.6) Angular standard deviation for mesh pertur-
bation

ot, 0.01 Mesh perturbation (Sec. 3.4.6) Translational standard deviation for mesh
perturbation

Color jitter factor 0.1 Texture augmentation Factor for brightness, contrast, saturation,
hue

Text dropout probability 0.1 Classifier-free guidance Probability of dropping text prompts

Training Setup

A 0.1 Loss function (Sec. 3.4.6) Loss weight for pixels outside inpainting
mask

n 0.2 Loss function (Sec. 3.4.6) Weight for confidence mask loss compo-
nent

Learning rate 1074 AdamW optimizer Base learning rate

Weight decay 0.01 AdamW optimizer L2 regularization parameter

51 0.9 AdamW optimizer First moment decay rate

B2 0.999 AdamW optimizer Second moment decay rate

Batch size 96 Training setup Number of samples per batch

Training iterations 8000 Training setup Total number of training iterations

Gradient accumulation steps 2 Training setup Steps before parameter update

are well-established and widely understood, we focus here on the more specialized met-
rics used in our evaluation, which encompass both multiview consistency assessment and

advanced image quality evaluation.
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A.2.1 TSED

Thresholded Symmetric Epipolar Distance (TSED) [91] is a metric designed to evaluate
the consistency of multiview image sets by measuring the geometric consistency of feature
correspondences across views. This metric is particularly valuable for assessing whether
generated multiview content maintains geometric coherence, as inconsistent geometry will
manifest as violations of epipolar constraints.

The computation of TSED begins by extracting SIFT features [41] from each view,
v € V, in the image set. For each pair of views, (u,v), the algorithm establishes feature
correspondences, C, between the two views using standard feature matching techniques.
Given the camera parameters for each view, specifically the extrinsics, (R, t,), (R,,t,) €
SE(3), and intrinsics, K, K, € R3*3, the method computes the relative camera motion

between the views as:

R=R,R,, (A.1)

t =t, — Rt,,. (A.2)

The fundamental matrix F' is then computed as:

F =K, [t| RK", (A.3)

where [t], is the skew-symmetric matrix corresponding to the cross-product operation
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with vector t:

0 —t. ¢,
tle=1¢ 0 -t (A.4)
—t, t, 0

for t = [t,,t,,t.]".

The fundamental matrix encodes the epipolar constraint that governs the geometric
relationship between corresponding points in two views. For any true correspondence
between points p, and p,, the epipolar constraint, p, Fp, = 0, must hold, meaning
that p, lies exactly on the epipolar line, Fp,. Deviations from this constraint indicate
geometric inconsistencies, making the epipolar distance a reliable measure of multiview
geometric coherence. The larger the epipolar distance, the less consistent the geometry
between the views.

To quantify these deviations, for each feature correspondence, (p., py) € C, the sym-

metric epipolar distance (SED) is computed as:

§(Pu, Pv) = = [d(py, FpPu) + d(pu,F ' p,)] (A.5)

N | —

where d(p, ¢) represents the minimum Euclidean distance between point, p, and line, /.
This symmetric formulation ensures that the distance measurement is invariant to the order
of the views.

A pair of views, (u, v), is declared geometrically consistent if two conditions are met:

first, the number of feature correspondences must exceed a minimum threshold,

|C| Z Tmatches; (A6)
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ensuring sufficient feature density for reliable assessment; second, the median of the sym-

metric epipolar distances across all correspondences must be below an error threshold,

median {d(py, Pv)} < Terror- (A7)

(pu:pu)GC

The TSED metric then reports the percentage of view pairs that satisfy both consistency

criteria, providing a comprehensive measure of multiview geometric coherence.

A.2.2 MUSIQ

MUSIQ [28] is a no-reference image quality assessment metric that leverages multi-scale
image representations and transformer architectures to predict perceptual image quality
without requiring a reference image. Unlike traditional metrics such as PSNR or SSIM that
require a ground truth reference, MUSIQ operates in a blind fashion, making it particularly
suitable for evaluating generated content where perfect references may not exist.

The core innovation of MUSIQ lies in its multi-scale approach to image analysis. The
method processes input images at multiple resolution levels to capture both fine-grained

details and global structural information that contribute to perceived image quality. For an

S

input image, I, the method generates a set of scaled versions, {I;}7_,,

where each scale,
s, corresponds to a different resolution level.
At each scale, MUSIQ extracts patch-based features using a convolutional backbone,

typically a ResNet [20] architecture. These features are then organized into spatial grids

that preserve the spatial relationships within the image. The multi-scale feature extraction
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can be formalized as:

F, = CNN(I,), s=12,...,5, (A.8)

where F, € RH>WsxD represents the feature map at scale, s, with spatial dimensions,
H, x W, and feature dimension, D.

The extracted multi-scale features are then processed by a transformer architecture that
can model both local and global dependencies across different scales. The transformer
takes flattened spatial feature tokens from all scales and applies self-attention mechanisms
to learn relationships between different image regions and scales. This allows the model
to understand how local image degradations affect overall perceptual quality and how dif-
ferent scales contribute to the final quality assessment.

The transformer architecture processes the concatenated multi-scale features:

F = Concat(Flatten(F,), Flatten(F3), ..., Flatten(Fg)), (A9)

where Flatten(-) converts the spatial feature maps into sequences of tokens. The trans-
former then applies multiple layers of self-attention and feed-forward networks to produce
a final quality prediction:

q = Transformer(F), (A.10)

where ¢ € R represents the predicted quality score.

MUSIQ is trained on large-scale image quality datasets with human perceptual ratings,
enabling it to learn the mapping between low-level image features and human quality
judgments. The training process involves minimizing the discrepancy between predicted

quality scores and ground truth human ratings, typically using regression losses such as
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mean squared error.

In our evaluation, MUSIQ provides a complementary perspective to traditional met-
rics by assessing the perceptual quality of generated content without requiring reference
images, which is particularly valuable for novel view synthesis and inpainting tasks where

perfect ground truth may not be available.

A.2.3 Corrs

The Correspondence Score (Corrs) metric, introduced by NeRFiller [85], evaluates the
consistency of generated content by measuring the quality and quantity of feature corre-
spondences across rendered views. The computation of Corrs relies on the LOFTR (Local
Feature Matching with Transformers) network [71], a learned feature matching approach
that combines convolutional and transformer architectures to establish dense correspon-
dences between images. The method first converts all images to grayscale representations

to focus on structural rather than photometric information. For each view, v € V:

G, = RGB2Gray(1,). (A.11)

For each pair of views, (u, v), the LOFTR network processes the corresponding grayscale
images, G, and G, to extract local features and establish correspondences. The network
architecture consists of several stages: feature extraction using convolutional layers, fea-

ture enhancement through self- and cross-attention mechanisms, and final correspondence
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prediction. The mathematical formulation can be expressed as:
{C,8} = LoFTR(G,, G,), (A.12)

where C represents the set of pixel correspondences between views u and v, and the con-
fidence scores, S, provide a measure of reliability for each correspondence.

To compute the Corrs score for a pair of views, (u,v), a confidence threshold, 7onf,
is applied to filter out unreliable correspondences. The final metric counts the number of

correspondences that exceed this threshold:

Corrs(u,v) = Z 1{s > Teonf} , (A.13)

seS

where 1 {-} is the indicator function. In practice, a threshold of 7., = 0.8 is commonly
used to ensure that only high-quality correspondences contribute to the final score.

The Corrs metric directly measures the matchability of features between views by
counting high-confidence correspondences established through the LoFTR network. In
our evaluation, it provides a complementary measure to TSED: while TSED focuses on
whether correspondences satisfy epipolar constraints, Corrs measures whether correspon-

dences can be established at all.

A.3 Additional Object Removal Results

This section presents additional object removal results that are not directly comparable

to our main results in Tab. A.2, primarily due to differences in evaluation code or repro-
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Table A.2: Object removal results from prior works using potentially different evaluation
code. The first section reports numbers from Inpaint3D as published in their paper. The
second section reports numbers from InFusion as published in their paper, including their
evaluation of Gaussian Grouping. The third section shows our reproduction of InFusion
using their official code. The numbers in the first two sections are not directly comparable
to our main results in Tab. 4.1.

Method LPIPS| FIDJ|
Inpaint3D [54] 0.5150  226.04
InFusion (reported) [39] 0.4210 92.62
Gaussian Grp. [90] 0.4540 12348
InFusion (reproduced) [39] | 0.6692  244.19

ducibility issues.

We include results from Inpaint3D [54] and InFusion [39] as reported in their original
papers. Additionally, InFusion evaluates Gaussian Grouping [90], a 3DGS-based segmen-
tation method that was not originally evaluated on SPIn-NeRF. However, these results may
not be directly comparable to our evaluation due to potentially different evaluation code
implementations. We include these values only for completeness.

For Inpaint3D, public code is not available, but the paper states that metrics are com-
puted on a bounding box surrounding the masked region, which differs from our protocol
(see Sec. 4.2) and should be considered when comparing results.

For InFusion, we provide both the reported results and our own reproduction using
their official code'. However, the reported results were not reproducible, neither quantita-
tively nor qualitatively. Notably, others have reported similar reproducibility issues on the
project’s GitHub repository?, and the gap in performance we observe may be due to differ-
ences in evaluation protocol or per-scene hyperparameter optimization. We note that the

paper does not explicitly mention this optimization, nor does it provide a hyperparameter

'https://github.com/ali-vilab/infusion
Zgee, e.g., #25 and #9
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table for reproduction. We include these observations respectfully, as reproducibility can

be challenging and implementation details may vary.

A.4 Qualitative Comparison with MALD-NeRF

Fig. A.1 presents a direct qualitative comparison to MALD-NeRF [35], the current state of
the art. Here, we highlight the inconsistencies in MALD-NeRF’s outputs, primarily caused
by common NeRF artifacts, such as floaters or flawed geometry, which compromise geo-
metric plausibility. As a result, the artifacts in MALD-NeRF prevent SIFT from detecting

sufficient high-quality feature correspondences, leading to a lower TSED metric.
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MALD-NeRF

Figure A.1: Qualitative comparison of our method with MALD-NeRF [35]. Each in-
painted view is accompanied by a zoomed-in version on the sides, highlighting inconsis-
tencies.
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