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ABSTRACT OF THE DISSERTATION

Generalizable 3D Understanding and Generation

by

Chao Xu
Doctor of Philosophy in Statistics
University of California, Los Angeles, 2025
Professor Ying Nian Wu, Chair

How should we model the physical world for embodied agents? To carry out mundane
tasks, humans exhibit remarkable capabilities in world modeling, mentally constructing
3D scenes from limited viewpoints, leveraging strong perceptual and generative priors to
infer occluded regions and understand environmental affordances for interaction. Crucially,
these abilities generalize across diverse scenes and objects. While modern foundation
models display a similar breadth in language and in 2D domains, transferring such
generalizability to 3D representations remains a key challenge for creating truly capable

embodied agents.

This dissertation explores methods that enhance the generalization capacity of 3D
vision systems for both understanding and generation. Key contributions include: devising
efficient feed-forward pipelines that leverage 2D pre-trained priors to generate high-quality
3D shapes from challenging inputs such as a single image or sparse, unposed views;
developing techniques to enhance the multi-view consistency and fidelity of generated 3D
assets; and introducing methods for functional, part-level 3D understanding that discover

cross-category affordances.

Collectively, these efforts significantly advance the state-of-the-art in robust, general-
izable 3D generation from limited views and in achieving more fine-grained, functional
object understanding. This dissertation systematically rethinks and refines the pipelines

to unite the strengths of 2D generative priors with 3D representation learning. The

i



research presented provides foundational steps towards more scalable, generalizable, and
functionally aware 3D vision systems. The dissertation concludes by summarizing these
contributions and outlining promising directions for future research in pursuit of physically

grounded artificial intelligence.
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CHAPTER 1

Introduction

Humans navigate and interact with the three-dimensional physical world with a fluency
that often belies its underlying complexity. We grasp a mug without triangulating its
pose, infer the hidden rear of a vehicle while merging onto a freeway, and mentally align
a bookcase with an empty corner before tightening a single screw. Each act presupposes
an internal, geometry-aware model of physical reality—rich enough to predict contact,

robust to occlusion, and fast enough to support real-time action.

Recognizing this fluency, we argue that the next decisive frontier for artificial general
intelligence (AGI) is fundamentally physical: agents must be able to perceive, imagine, and
act in 3D space. Cognitive science lends empirical support. The classic mental-rotation
experiments (Shepard and Metzler, 1971) demonstrated that humans mentally spin shapes
at a speed proportional to the rotation angle, revealing an analog spatial code in the
mind. At the computational level, Marr (1982) argued that vision’s task extends beyond
image processing to construct representations making explicit the world’s shape and
spatial organization, culminating in a 3D model suitable for downstream cognition and
control. These observations converge on a simple claim: An embodied agent needs a

spatial substrate that mediates sensation and action.

Over the recent years, computer vision has pursued that substrate through succes-
sively richer 3D representations. Explicit meshes and point clouds first surfaced with
ShapeNet (Chang et al., 2015); implicit surfaces, signed-distance fields (SDFs), and neural
radiance fields (NeRFs) soon enhanced the fidelity and detail of per-scene reconstructions.
Today, a single neural field can capture sub-millimeter details in complex scenes. Yet

expressiveness is not generalizability. A network trained extensively on datasets like



ShapeNet may recognize numerous chairs but often fails to generalize to dissimilar cate-
gories, such as a luggage trolley, let alone generate a plausible 3D model of one from a
single photograph. Open-world competence—the hallmark of modern language and 2D
vision models—remains elusive in 3D. Without generalization, 3D vision may carefully
interpolate among chairs in a room yet miss the elephant—capturing the physical world’s

diversity demands more than per-scene precision.

We identify three intertwined factors that impede the development of broadly general-
izable 3D models. First, data scale: Current 3D datasets, even large ones like Objaverse
containing millions of models, are orders of magnitude smaller than the multi-billion-pair
image-text datasets fueling 2D generative models, and data capturing physical interactions
remain scarcer still. Second, distribution breadth: Previous 3D datasets often exhibit
biases towards common categories like furniture and vehicles, frequently comprising
synthetic CAD assets, leaving a long tail of object categories under-represented. Third,
semantic granularity: Many approaches treat geometry monolithically, neglecting the
functionally salient parts—handles, surfaces, articulated components—that afford interac-
tion and define an object’s utility. Without tackling these factors, learned models acquire
impressive scene-specific or category-limited fidelity yet falter when asked to extrapolate

across viewpoints, categories, or functional tasks.

Addressing the generalization dilemma in 3D necessitates efforts in both 3D generation
and 3D understanding. Richard Feynman noted, “What I cannot create, I do not
understand.” This aphorism highlights a fundamental duality between generation and
understanding. To understand an object well enough to grasp it, a system must predict its
hidden geometry; to generate a plausible shape from sparse observations, it must respect

structural and functional constraints.

This dissertation follows this philosophy to tackle generalizable 3D generation and

understanding.

Concretely, for open-world 3D generation tasks, we unite the strengths of two existing

experts: 2D generalists and 3D specialists. Pre-trained 2D generative models, scaled



on massive internet data, act as powerful generalists capable of synthesizing diverse
visual concepts, yet their inherent understanding often remains confined to the 2D plane.
Conversely, many established 3D algorithms excel as specialists, achieving high fidelity
from dense, well-posed views but struggling with ambiguity or sparse inputs. We challenge
both: Tasking 2D priors to generate 3D-consistent information suitable for reconstruction,
while pushing 3D methods to handle the inconsistencies and sparsity inherent in generated
or real-world sparse views. This strategy, bridging the expansive knowledge of the 2D
generalists with the geometric precision of the 3D specialists, motivates our contributions in
One-2-3-45, One-2-3-45++, SpaRP, and MeshFormer. These works progressively develop
methods for efficient, high-quality 3D object generation from single or sparse images,

overcoming limitations of prior optimization-heavy or view-inconsistent approaches.

Complementing generation, we address generalizable 3D understanding by focusing on
semantic granularity, specifically at the part level. We argue that true object understanding
requires recognizing not just the object’s category but its functional components. From
a task-oriented perspective, this involves identifying object parts and inferring their
affordances (what interactions they afford) and actionability (how they can be manipulated)
in a category-agnostic manner. We develop algorithms capable of discovering functionally
relevant parts directly from local geometry across object categories. This line of inquiry
leads to the development of PartAfford and GAPartNet, focusing on discovering part-level
affordances and understanding articulated part actionability across diverse object types,

using novel datasets annotated specifically for these tasks.

By weaving generation and understanding into a single learning loop, we aim to
transform 3D representations from static reconstructions into mental workspaces capable

of supporting perception, imagination, and downstream action.

The chapters that follow instantiate this agenda through new algorithms, benchmarks,
and large-scale experiments, charting a course toward 3D models that not only see but

also create—and, by Feynman’s criterion, truly understand—the physical world.

Chapter 2 proposes One-2-3-45, establishing a novel feed-forward paradigm for single-



image-to-3D generation. This work leverages view-conditioned 2D diffusion models to
synthesize multi-view images, which are then efficiently reconstructed into a 3D mesh
by a generalizable neural surface reconstruction module. This approach significantly
accelerates the generation process compared to prior optimization-based methods and

bridges large-scale 2D priors with explicit 3D representations.

Chapter 3 presents One-2-3-45++, which addresses the key limitation of multi-view
inconsistency inherent in models like Zero123 used in the original One-2-3-45. It introduces
techniques for generating more 3D-consistent multi-view images jointly and employs a
robust multi-view conditioned 3D diffusion model for reconstruction, markedly improving
output quality and fidelity. This chapter also includes a pointer to Meshformer, a related

project focusing on high-quality mesh generation using 3D-native guidance.

Chapter 4 details SpaRP, extending the generation capabilities from a single image to
unposed, sparse-view inputs. This work tackles the joint challenge of estimating relative
camera poses and reconstructing a 3D object when input views lack overlap and pose
information. It utilizes a finetuned sparse-view conditioned diffusion model to predict both
Normalized Object Coordinate Space (NOCS) maps for pose estimation and consistent
multi-view images for reconstruction, demonstrating synergy between understanding input

view relationships and generating the complete object.

Chapter 5 shifts focus to part-level 3D understanding with PartAfford. This chapter
introduces the task of discovering part affordances directly from 3D geometry using only
weak, object-level affordance set labels. We propose a method combining slot attention
for part abstraction with affordance set matching and primitive regularization, and
introduce a tailored part affordance dataset. A related project, GAPartNet, focusing on

category-agnostic understanding of articulated part actionability, is briefly discussed.

Finally, Chapter 6 provides a summary of the key ideas and contributions explored
throughout this dissertation. It reflects on the synergistic relationship between 3D
generation and understanding for achieving generalization and discusses promising avenues

for future research in creating more capable physically-grounded Al systems.



CHAPTER 2

2D Priors for Efficient 3D Generation

Single image 3D reconstruction, the task of reconstructing a 3D model of an object
from a single 2D image, is a long-standing problem in the computer vision community
and is crucial for a wide range of applications, such as robotic object manipulation and
navigation, 3D content creation, as well as AR/VR (Mees et al., 2019; Chiu et al., 2009;
Yang et al., 2021). The problem is challenging as it requires not only the reconstruction
of visible parts but also the hallucination of invisible regions. Consequently, this problem
is often ill-posed and corresponds to multiple plausible solutions because of insufficient
evidence from a single image. On the other hand, humans can adeptly infer unseen
3D content based on our extensive knowledge of the 3D world. To endow intelligent
agents with this ability, many existing methods (Kanazawa et al., 2018; Girdhar et al.,
2016; Huang et al., 2022; Choy et al., 2016; Xie et al., 2020; Yagubbayli et al., 2021; Fan
et al., 2017; Wen et al., 2019; Liu et al., 2021; Chou et al., 2023; Liu et al., 2020) exploit
class-specific priors by training 3D generative networks on 3D shape datasets (Chang
et al., 2015). However, these methods often fail to generalize to unseen categories, and

their reconstruction quality is constrained by the limited size of public 3D datasets.

In this chapter, we pursue a generic solution to turn an image of any object, regardless
of its category, into a high-quality 3D textured mesh. To achieve this, we propose a novel
approach that can effectively utilize the strong priors learned by 2D diffusion models for 3D
reconstruction. Compared to 3D data, 2D images are more readily available and scalable.
Recent 2D generative models (e.g., DALL-E (Ramesh et al., 2021, 2022), Imagen (Saharia
et al., 2022), and Stable Diffusion (Rombach et al., 2022)) and visual-language models (e.g.,

CLIP (Radford et al., 2021)) have made significant strides by pre-training on Internet-scale
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Figure 2.1: One-2-3-45 reconstructs a full 360° mesh of any object in 45 seconds given
a single image of it. In each example, we showcase the input image in the left column,
alongside the generated textured and textureless meshes from three different views.

image datasets. Since they learn a wide range of visual concepts and possess strong priors
about our 3D world, it is natural to marry 3D tasks with them. Consequently, an emerging
body of research (Jain et al., 2022; Hong et al., 2022; Michel et al., 2022; Poole et al., 2022;
Lin et al., 2022), as exemplified by DreamField (Jain et al., 2022), DreamFusion (Poole
et al., 2022), and Magic3D (Lin et al., 2022), employs 2D diffusion models or vision
language models to assist 3D generative tasks. The common paradigm of them is to
perform per-shape optimization with differentiable rendering and the guidance of the
CLIP model or 2D diffusion models. While many other 3D representations have been

explored, neural fields are the most commonly used representation during optimization.

Although these optimization-based methods have achieved impressive results on both

text-to-3D (Poole et al., 2022; Jain et al., 2022; Lin et al., 2022) and image-to-3D



tasks (Melas-Kyriazi et al., 2023a; Seo et al., 2023), they face some common dilemmas:
(a) time-consuming. Per-shape optimization typically involves tens of thousands of
iterations of full-image volume rendering and prior model inferences, resulting in typically
tens of minutes per shape. (b) memory intensive. Since the full image is required
for the 2D prior model, the volume rendering can be memory-intensive when the image
resolution goes up. (c¢) 3D inconsistent. Since the 2D prior model only sees a single
view at each iteration and tries to make every view look like the input, they often generate
3D inconsistent shapes (e.g., with two faces, or the Janus problem (Melas-Kyriazi et al.,
2023a; Poole et al., 2022)). (d) poor geometry. Many methods utilize the density field
as the representation in volume rendering. It is common that they produce good RGB

renderings but extracting high-quality mesh tends to be difficult.

In this work, instead of following the common optimization-based paradigm, we
propose a novel approach to utilize 2D prior models for 3D modeling. At the heart of
our approach is the combination of a 2D diffusion model with a cost-volume-based 3D
reconstruction technique, enabling the reconstruction of a high-quality 360° textured mesh
from a single image in a feed-forward pass without per-scene optimization. Specifically, we
leverage a recent 2D diffusion model, Zero123 (Liu et al., 2023d), which is fine-tuned on
Stable Diffusion (Rombach et al., 2022) to predict novel views of the input image given the
camera transformation. We utilize it to generate multi-view predictions of the input single
image so that we can leverage multi-view 3D reconstruction techniques to obtain a 3D
mesh. There are two challenges associated with reconstruction from synthesized multi-view
predictions: (a) the inherent lack of perfect consistency within the multi-view predictions,
which can lead to severe failures in optimization-based methods such as NeRF methods
(Mildenhall et al., 2021; Chen et al., 2022). (b) the camera pose of the input image is
required but unknown. To tackle them, we build our reconstruction module upon a cost
volume-based neural surface reconstruction approach, SparseNeuS (Long et al., 2022),
which is a variant of MVSNeRF (Chen et al., 2021). Additionally, we introduce a series
of essential training strategies that enable the reconstruction of 360-degree meshes from

inherently inconsistent multi-view predictions. We also propose an elevation estimation



module that estimates the elevation of the input shape in Zero123’s canonical coordinate

system, which is used to compute the camera poses required by the reconstruction module.

By integrating the three modules of multi-view synthesis, elevation estimation, and
3D reconstruction, our method can reconstruct 3D meshes of any object from a single
image in a feed-forward manner. Without costly optimizations, our method reconstructs
3D shapes in significantly less time, e.g., in just 45 seconds. Our method favors better
geometry due to the use of SDF representations, and generates more consistent 3D meshes,
thanks to the camera-conditioned multi-view predictions. Moreover, our reconstruction
adheres more closely to the input image compared to existing methods. See Figure 2.1
for some of our example results. We evaluate our method on both synthetic data and real
images and demonstrate that our method outperforms existing methods in terms of both

quality and efficiency.

2.1 Related Work

2.1.1 3D Generation Guided by 2D Prior Models

Recently, 2D generative models (e.g., DALL-E (Ramesh et al., 2021, 2022), Imagen (Sa-
haria et al., 2022), and Stable Diffusion (Rombach et al., 2022)) and vision-language
models (e.g., CLIP (Radford et al., 2021)) have learned a wide range of visual concepts
by pre-training on Internet-scale image datasets. They possess powerful priors about
our 3D world and have inspired a growing body of research to employ 2D prior models
for assisting 3D understanding (Liu et al., 2023a,c) and generative tasks. Exemplified
by DreamField (Jain et al., 2022), DreamFusion (Poole et al., 2022), and Magic3D (Lin
et al., 2022), a line of works follows the paradigm of per-shape optimization. They
typically optimize a 3D representation (i.e., NeRF, mesh, SMPL human model) and
utilize differentiable rendering to generate 2D images from various views. The images
are then fed to the CLIP model (Hong et al., 2022; Jain et al., 2022; Michel et al., 2022;
Lee and Chang, 2022; Canfes et al., 2023; Khalid et al., 2022; Aneja et al., 2022; Jetchev,



2021; Xu et al., 2023b; Liu et al., 2022b) or 2D diffusion model (Poole et al., 2022; Lin
et al., 2022; Seo et al., 2023; Melas-Kyriazi et al., 2023a; Deng et al., 2022; Wang et al.,
2022a; Xu et al., 2023a; Metzer et al., 2023; Zhou and Tulsiani, 2023; Raj et al., 2023;
Tang et al., 2023c) for calculating the loss functions, which are used to guide the 3D
shape optimization. In addition to optimization-based 3D shape generation, some works
train a 3D generative model but leverage the embedding space of CLIP (Cheng et al.,
2022; Liu et al., 2023f; Sanghi et al., 2022), and some works focus on generating textures
or materials for input meshes using 2D models’ prior (Michel et al., 2022; Wei et al., 2023;
Chen et al., 2023a; Metzer et al., 2023; Richardson et al., 2023).

2.1.2 Single Image to 3D

Before the emergence of CLIP and large-scale 2D diffusion models, people often learn
3D priors from 3D synthetic data (Chang et al., 2015) or real scans (Reizenstein et al.,
2021). Unlike 2D images, 3D data can be represented in various formats and numerous
representation-specific 3D generative models have been proposed. By combining 2D image
encoder and 3D generators, they generate 3D data in various representations, including
3D voxels (Girdhar et al., 2016; Wu et al., 2017; Choy et al., 2016; Xie et al., 2020, 2019;
Yagubbayli et al., 2021), point clouds (Fan et al., 2017; Yang et al., 2018; Groueix et al.,
2018; Achlioptas et al., 2018; Melas-Kyriazi et al., 2023b; Zeng et al., 2022), polygon
meshes (Kanazawa et al., 2018; Wang et al., 2018; Wen et al., 2019; Nash et al., 2020),
and parametric models (Pavlakos et al., 2019; Zuffi et al., 2018, 2017). Recently, there
has been an increasing number of work on learning to generate a 3D implicit field from a
single image (Xu et al., 2019; Mescheder et al., 2019; Saito et al., 2019; Huang et al., 2022;
Park et al., 2019; Gao et al., 2022; Gupta et al., 2023; Jang and Agapito, 2021; Miiller
et al., 2022; Wu et al., 2023b; Mittal et al., 2022).

As previously mentioned, several recent works leverage 2D diffusion models to perform
per-shape optimization, allowing for the text-to-3D task (Poole et al., 2022; Lin et al.,

2022; Jain et al., 2022) given that diffusion models are typically conditioned on text. To



enable the generation of 3D models from a single image, some works (Melas-Kyriazi et al.,
2023a; Deng et al., 2022; Metzer et al., 2023) utilize textual inversion (Gal et al., 2022),
to find the best-matching text embedding for the input image, which is then fed into a
diffusion model. NeuralLift-360 (Hu et al., 2021) adds a CLIP loss to enforce similarity
between the rendered image and the input image. 3DFuse (Seo et al., 2023) finetunes the
Stable Diffusion model with LoRA layers (Hu et al., 2021) and a sparse depth injector
to ensure greater 3D consistency. A recent work Zerol123 (Liu et al., 2023d; Shi et al.,
2023a) finetunes the Stable Diffusion model (Saharia et al., 2022) to generate a novel
view of the input image based on relative camera pose. In addition to these methods,
OpenAl trains a 3D native diffusion model Point-E (Nichol et al., 2022), which uses
several million internal 3D models to generate point clouds. Very recently, they published
another model Shap-E (Jun and Nichol, 2023) which is trained to generate parameters
of implicit functions that can be used for producing textured meshes or neural radiance

fields.

2.1.3 Generalizable Neural Reconstruction

Traditional NeRF-like methods (Mildenhall et al., 2021; Wang et al., 2021a) use a neural
network to represent a single scene and require per-scene optimization. However, some
approaches aim to learn priors across scenes and generalize to novel scenes. These methods
typically take a few source views as input and leverage 2D networks for extracting 2D
features. The pixel features are then unprojected into 3D space, and a NeRF-based
rendering pipeline is applied on top of them. In this way, they can generate a 3D
implicit field given a few source views in a single feed-forward pass. Among the methods,
some (Wang et al., 2021b; Reizenstein et al., 2021; Henzler et al., 2021; Yu et al., 2021a;
Yang et al., 2023; Liu et al., 2022a; Kulhanek et al., 2022; Trevithick and Yang, 2021;
Varma et al., 2022) directly aggregate 2D features with MLPs or transformers, while
others explicitly construct the 3D feature/cost volume (Chen et al., 2021; Johari et al.,
2022; Zhang et al., 2022b; Long et al., 2022), and utilize the voxel feature for decoding

density and color. In addition to the density field representation, some methods such as
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Figure 2.2: Our method consists of three primary components: (a) Multi-view synthesis:
we use a view-conditioned 2D diffusion model, Zero123 (Liu et al., 2023d), to generate
multi-view images in a two-stage manner. The input of Zero123 includes a single image
and a relative camera transformation, which is parameterized by the relative spherical
coordinates (A6, Agp, Ar). (b) Pose estimation: we estimate the elevation angle 6 of
the input image based on four nearby views generated by Zerol23. We then obtain
the poses of the multi-view images by combining the specified relative poses with the
estimated pose of the input view. (c) 3D reconstruction: We feed the multi-view posed
images to an SDF-based generalizable neural surface reconstruction module for 360° mesh
reconstruction.

SparseNeuS (Long et al., 2022) and VolRecon (Ren et al., 2022) utilize SDF representations

for geometry reconstruction.

2.2 Method: One-2-3-45

Our overall pipeline is illustrated in Figure 2.2. In Section 2.2.1, we introduce a view-
conditioned 2D diffusion model, Zero123 (Liu et al., 2023d), which is used to generate
multi-view images. In Section 2.2.2, we show that traditional NeRF-based and SDF-
based methods fail to reconstruct high-quality meshes from inconsistent multi-view
predictions even given ground truth camera poses. Therefore, in Section 2.2.3, we propose
a cost volume-based neural surface reconstruction module that can be trained to handle
inconsistent multi-view predictions and reconstruct a 3D mesh in a single feed-forward
pass. Specifically, we build upon the SparseNeuS (Long et al., 2022) and introduce
several critical training strategies to support 360° mesh reconstruction. Additionally, in
Section 2.2.4, we demonstrate the necessity of estimating the pose of the input view in

Zerol23’s canonical space for 3D reconstruction. While the azimuth and radius can be

11



arbitrarily specified, we propose a novel module that utilizes four nearby views generated

by Zerol23 to estimate the elevation of the input view.

2.2.1 Zerol23: View-Conditioned 2D Diffusion

Recent 2D diffusion models (Ramesh et al., 2021; Saharia et al., 2022; Rombach et al.,
2022) have demonstrated the ability to learn a wide range of visual concepts and strong
priors by training on internet-scale data. While the original diffusion models mainly
focused on the task of text-to-image, recent work (Zhang and Agrawala, 2023; Hu et al.,
2021) has shown that fine-tuning pretrained models allows us to add various conditional
controls to the diffusion models and generate images based on specific conditions. Several
conditions, such as canny edges, user scribbles, depth, and normal maps, have already

proven effective (Zhang and Agrawala, 2023).

The recent work Zero123 (Liu et al., 2023d) shares a similar spirit and aims to add view-
point condition control for the Stable Diffusion model (Rombach et al., 2022). Specifically,
given a single RGB image of an object and a relative camera transformation, Zero123 aims
to control the diffusion model to synthesize a new image under this transformed camera
view. To achieve this, Zero123 fine-tunes the Stable Diffusion on paired images with their
relative camera transformations, synthesized from a large-scale 3D dataset (Deitke et al.,
2022). During the creation of the fine-tuning dataset, Zero123 assumes that the object is
centered at the origin of the coordinate system and uses a spherical camera, i.e., the cam-
era is placed on the sphere’s surface and always looks at the origin. For two camera poses
(01, ¢1,71) and (02, ¢, 12), where 0;, ¢;, and r; denote the polar angle, azimuth angle, and
radius, their relative camera transformation is parameterized as (63 — 01, oo — @1, 79 — 11).
They aim to learn a model f, such that f(xy,60y — 61,9 — ¢1,79 — 11) is perceptually
similar to x5, where xy and x5 are two images of an object captured from different views.
Zerol23 finds that such fine-tuning enables the Stable Diffusion model to learn a generic
mechanism for controlling the camera viewpoints, which extrapolates outside of the objects

seen in the fine-tuning dataset.
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Figure 2.3: NeRF-based method (Mildenhall et al., 2021) and SDF-based method (Wang
et al., 2021a) fail to reconstruct high-quality meshes given multi-view images predicted
by Zerol123. See Figure 2.1 for our reconstruction results.

2.2.2 Can NeRF Optimization Lift Multi-View Predictions to 3D?

Given a single image of an object, we can utilize Zero123 (Liu et al., 2023d) to generate
multi-view images, but can we use traditional NeRF-based or SDF-based methods (Chen
et al., 2022; Wang et al., 2021a) to reconstruct high-quality 3D meshes from these
predictions? We conduct a small experiment to test this hypothesis. Given a single
image, we first generate 32 multi-view images using Zero123, with camera poses uniformly
sampled from the sphere surface. We then feed the predictions to a NeRF-based method
(TensoRF (Mildenhall et al., 2021)) and an SDF-based method (NeuS (Wang et al., 2021a)),
which optimize density and SDF fields, respectively. However, as shown in Figure 2.3,
both methods fail to produce satisfactory results, generating numerous distortions and
floaters. This is primarily due to the inconsistency of Zero123’s predictions. In Figure 2.4,
we compare Zerol23’s predictions with ground-truth renderings. We can see that the
overall PSNR is not very high, particularly when the input relative pose is large or
the target pose is at unusual locations (e.g., from the bottom or the top). However,
the mask ToU (most regions are greater than 0.95) and CLIP similarity are relatively
good. This suggests that Zerol23 tends to generate predictions that are perceptually
similar to the ground truth and have similar contours or boundaries, but the pixel-level
appearance may not be exactly the same. Nevertheless, such inconsistencies between the
source views are already fatal to traditional optimization-based methods. Although the
original Zerol123 paper proposes another method for lifting its multi-view predictions,
we will demonstrate in experiments that it also fails to yield perfect results and entails

time-consuming optimization.
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Figure 2.4: We analyze the prediction quality of Zero123 by comparing its predictions to
ground truth renderings across various view transformations. For each view transformation,
we report the average PSNR, mask IoU, and CLIP similarity of 100 shapes from the
Objaverse (Deitke et al., 2022) dataset. The prediction mask is calculated by considering
foreground objects (i.e., non-white regions). Zero123 provides more accurate predictions
when the view transformation is small.

2.2.3 Neural Surface Reconstruction from Imperfect Multi-View Predictions

Instead of using optimization-based approaches, we base our reconstruction module
on a generalizable SDF reconstruction method SparseNeuS (Long et al., 2022), which
is essentially a variant of the MVSNeRF (Chen et al., 2021) pipeline that combines
multi-view stereo, neural scene representation, and volume rendering. As illustrated in
Figure 2.2, our reconstruction module takes multiple source images with corresponding
camera poses as input and generates a textured mesh in a single feed-forward pass. In
this section, we will first briefly describe the network pipeline of the module and then
explain how we train the module, select the source images, and generate textured meshes.
Additionally, in Section 2.2.4, we will discuss how we generate the camera poses for the

source images.

As shown in Figure 2.2, our reconstruction module takes m posed source images as
input. The module begins by extracting m 2D feature maps using a 2D feature network.
Next, the module builds a 3D cost volume whose contents are computed by first projecting
each 3D voxel to m 2D feature planes and then fetching the variance of the features across
the m projected 2D locations. The cost volume is then processed using a sparse 3D CNN
to obtain a geometry volume that encodes the underlying geometry of the input shape.
To predict the SDF at an arbitrary 3D point, an MLP network takes the 3D coordinate

and its corresponding interpolated features from the geometry encoding volume as input.
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To predict the color of a 3D point, another MLP network takes as input the 2D features at
the projected locations, interpolated features from the geometry volume, and the viewing
direction of the query ray relative to the viewing direction of the source images. The
network predicts the blending weights for each source view, and the color of the 3D point
is predicted as the weighted sum of its projected colors. Finally, an SDF-based rendering
technique is applied on top of the two MLP networks for RGB and mask rendering (Wang
et al., 2021a). In each iteration, we randomly choose one view to build the cost volume

and another view for rendering supervision.

2-Stage Source View Selection and Groundtruth-Prediction Mixed Training.
Although the original SparseNeuS (Long et al., 2022) paper only demonstrated frontal
view reconstruction, we have extended it to reconstruct 360-degree meshes in a single feed-
forward pass by selecting source views in a particular way. Specifically, our reconstruction
model is trained on a 3D object dataset while freezing Zero123. We follow Zero123 to
normalize the training shapes and use a spherical camera model. For each shape, we first
render n ground-truth RGB images from n camera poses uniformly placed on the sphere.
For each of the n views, we use Zerol123 to predict four nearby views. During training,
we feed all 4 x n predictions with ground-truth poses into the reconstruction module
and randomly choose one of the n ground-truth RGB images views as the target view.
We call this view selection strategy as 2-stage source view selection. We supervise the
training with both the ground-truth RGB and mask values. In this way, the module can
learn to handle the inconsistent predictions from Zerol23 and reconstruct a consistent
360° mesh. We argue that our two-stage source view selection strategy is critical since
uniformly choosing n x 4 source views from the sphere surface would result in larger
distances between the camera poses. However, cost volume-based methods (Long et al.,
2022; Johari et al., 2022; Chen et al., 2021) typically rely on very close source views
to find local correspondences. Furthermore, as shown in Figure 2.4, when the relative
pose is small (e.g., 10 degrees apart), Zerol23 can provide very accurate and consistent

predictions and thus can be used to find local correspondences and infer the geometry.

During training, we utilize n ground-truth renderings in the initial stage. We find that
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employing n predicted images at this stage would suffer from notable inconsistencies across
different views, complicating the network’s ability to learn sharp details (see examples in
ablation study). However, during inference, we can replace the n ground-truth renderings
with Zero123 predictions, as shown in Figure 2.2, the network can automatically generalize
to some extent. We will show in the experiments that this groundtruth-prediction mixed
training strategy is also important. To export the textured mesh, we use marching
cubes (Lorensen and Cline, 1987) to extract the mesh from the predicted SDF field and
query the color of the mesh vertices as described in (Wang et al., 2021a). Although our
reconstruction module is trained on a 3D dataset, we find that it mainly relies on local

correspondences and can generalize to unseen shapes very well.

2.2.4 Camera Pose Estimation

Our reconstruction module requires camera poses for the 4 x n source view images. Note
that we adopt Zerol123 for image synthesis, which parameterizes cameras in a canonical
spherical coordinate frame, (6, ¢, r), where 0, ¢ and r represent the elevation, azimuth, and
radius. While we can arbitrarily adjust the azimuth angle ¢ and the radius r of all source
view images simultaneously, resulting in the rotation and scaling of the reconstructed
object accordingly, this parameterization requires knowing the absolute elevation angle 6 of
one camera to determine the relative poses of all cameras in a standard XYZ frame. More
specifically, the relative poses between camera (6y, ¢o, 79) and camera (6y+ A6, g+ Ae, ro)
vary for different 6y even when Af and A¢ are the same. Because of this, changing the
elevation angles of all source images together (e.g., by 30 degrees up or 30 degrees down)

will lead to the distortion of the reconstructed shape (see Figure 2.11 for examples).

Therefore, we propose an elevation estimation module to infer the elevation angle
of the input image. First, we use Zerol23 to predict four nearby views of the input
image. Then we enumerate all possible elevation angles in a coarse-to-fine manner. For
each elevation candidate angle, we compute the corresponding camera poses for the four

images and calculate a reprojection error for this set of camera poses to measure the

16



Figure 2.5: Qualitative examples of One-2-3-45 for both synthetic and real images. Each
triplet showcases an input image, a textured mesh, and a textureless mesh.

consistency between the images and the camera poses. The elevation angle with the
smallest reprojection error is used to generate the camera poses for all 4 x n source views

by combining the pose of the input view and the relative poses.

2.3 Experiments

2.3.1 Implementation Details

For each input image, we generate n = 8 images by choosing camera poses uniformly
placed on the sphere surface and then generate 4 local images (10° apart) for each of
the 8 views, resulting in 32 source-view images for reconstruction. During training, we
freeze the Zerol123 (Liu et al., 2023d) model and train our reconstruction module on the
Objaverse-LVIS (Deitke et al., 2022) dataset, which contains 46K 3D models in 1,156
categories. We use BlenderProc (Denninger et al., 2023) to render ground-truth RGB
images. For images with background, we utilize an off-the-shelf segmentation network

SAM (Kirillov et al., 2023) with bounding-box prompts for background removal.
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Figure 2.6: We compare One-2-3-45 with Point-E (Nichol et al., 2022), Shap-E (Jun and
Nichol, 2023), Zero123 (Stable Dreamfusion version) (Liu et al., 2023d), 3DFuse (Seo et al.,
2023), and RealFusion (Melas-Kyriazi et al., 2023a). In each example, we present both
the textured and textureless meshes. As 3DFuse (Seo et al., 2023) and RealFusion (Melas-
Kyriazi et al., 2023a) do not natively support the export of textured meshes, we showcase
the results of volume rendering instead.

2.3.2 Single Image to 3D Mesh

We present qualitative examples of our method in Figures 2.1 and 2.5, illustrating
its effectiveness in handling both synthetic images and real images. We also compare
One-2-3-45 with existing zero-shot single image 3D reconstruction approaches, including
Point-E (Nichol et al., 2022), Shap-E (Jun and Nichol, 2023), Zero123 (Stable Dreamfusion
version) (Liu et al., 2023d), 3DFuse (Seo et al., 2023), and RealFusion (Melas-Kyriazi
et al., 2023a). Among them, Point-E and Shap-E are two 3D native diffusion models
released by OpenAl, which are trained on several million internal 3D data, while others

are optimization-based approaches leveraging priors from Stable Diffusion (Rombach
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Table 2.1: Quantitative Comparison on GSO (Downs et al., 2022) and Objaverse (Deitke
et al., 2022) datasets.

Prior F-Score CLIP Similarity|
Source |GSO Obj. avg. |GSO Obj. avg. | Lime
Point-E (Nichol et al., 2022) internal | 81.0 81.0 81.0|74.3 78.5 76.4| 78s
Shap-E (Jun and Nichol, 2023) 3D data|83.4 81.2 82.3|79.6 82.1 80.9| 27s
Zero123+-SD (Liu et al., 2023d) 2D 75.1 69.9 725|71.0 72.7 71.9 |~15min
RealFusion (Melas-Kyriazi et al., 2023a) diffusion 66.7 59.3 63.0/69.3 69.5 69.4 |~90min
3DFuse (Seo et al., 2023) moudels 60.7 60.2 60.4|71.4 74.0 72.7 |~30min
Ours 84.0 83.1 83.5|76.4 79.7 78.1| 45s
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Figure 2.7: One-2-3-45 generates 3D consis- Figure 2.8: FError distribution of pre-
tent objects, resolving the Janus problem dicted elevations. The median and aver-
prevalent in prior works. age are 5.4 and 9.7 degrees.

et al., 2022).

Figure 2.6 presents the qualitative comparison. While most methods can generate
plausible 3D meshes from a single image, notable differences exist among them in terms of
geometry quality, adherence to the input, and overall 3D consistency. In terms of geometry
quality, approaches like RealFusion (Melas-Kyriazi et al., 2023a) and 3DFuse (Seo et al.,
2023), which optimize a neural radiance field, face challenges in extracting high-quality
meshes. Likewise, Point-E (Nichol et al., 2022) produces a sparse point cloud as its output,
resulting in numerous holes on the reconstructed meshes. In contrast, our approach
utilizes an SDF presentation and favors better geometry. Regarding adherence to the
input, we observe that most baseline methods struggle to preserve the similarity to the

input image. Although Shap-E performs slightly better, it still produces lots of failure
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cases (see the backpack without shoulder straps, distorted shoe, and stool with three
legs). In contrast, our approach leverages a powerful 2D diffusion model to directly
produce high-quality multi-view images, rather than relying on 3D space hallucination.
This strategy provides better adherence to the input views, alleviates the burden of
the 3D reconstruction module, and yields results that are more finely attuned to the
input. Furthermore, many approaches encounter challenges in achieving consistent 3D
results (also known as the Janus problem (Melas-Kyriazi et al., 2023a; Poole et al.,
2022)), as highlighted in Figure 2.7 (two-handle mug, multi-face Mario, and two-face
backpack). One of the contributing factors to this issue is that several methods optimize
each view independently, striving to make each view resemble the input. In contrast, our
method capitalizes on the view-conditioned 2D diffusion model, inherently enhancing 3D

consistency.

We also quantitatively compare the approaches on Objaverse (Deitke et al., 2022)
and GoogleScannedObjects (GSO) (Downs et al., 2022) datasets. For each dataset, we
randomly choose 20 shapes and render a single image per shape for evaluation. To align

the predictions with the ground-truth mesh, we linearly search the scaling factor and
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the rotation angle, apply Iterative Closest Point (ICP) for sampled point clouds, and
select the one with the most number of inliers. We follow RealFusion (Melas-Kyriazi
et al., 2023a) to report F-score (with a threshold of 0.05) and CLIP similarity, and the
runtime on an A100 GPU. As shown in Table 2.1, our method outperforms all baseline
approaches in terms of F-Score. As for CLIP similarity, we surpass all methods except a
concurrent work Shap-E (Jun and Nichol, 2023). We find that CLIP similarity is very
sensitive to the color distribution and less discriminative in local geometry variations (i.e.,
the number of legs of a stool, the number of handles of a mug). Regarding running time,
our method demonstrates a notable advantage over optimization-based approaches and
performs on par with 3D native diffusion models, such as Point-E (Nichol et al., 2022) and
Shap-E (Jun and Nichol, 2023). Specifically, our 3D reconstruction module reconstructs a
3D mesh in approximately 5 seconds, with the remaining time primarily spent on Zero123

predictions, which takes roughly 1 second per image on an A100 GPU.

2.3.3 Ablation Study

Training strategies. We ablate our training strategies in Figure 2.9. We found that
without our 2-stage source view selection strategy, a network trained to consume 31
uniformly posed Zero123 predictions (fourth column) suffers from severe inconsistency
among source views, causing the reconstruction module to fail completely. If we feed
only 7 source views (sixth column) without the four nearby views, the reconstruction fails
to capture local correspondence and cannot reconstruct fine-grained geometry. During
training, we first render n ground-truth renderings and then use Zero123 to predict four
nearby views for each of them. If we train directly on 8 x 4 ground-truth renderings
without Zero123 prediction during training (second column), it fails to generalize well to
Zerol123 predictions during inference, with many missing regions. Instead, if we replace
the n ground-truth renderings with n Zero123 predictions during training (first column),

the network fail to generate sharp details (see the strips of the backpack).

Elevation estimation. Our reconstruction module relies on accurate elevation angles
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Figure 2.10: 360° reconstruction vs. multi-

Figure 2.11: Incorrect elevations lead to
distorted reconstruction. Our elevation
view fusion. Meshes from different views are
in different colors.

estimation module can predict an accu-
rate elevation of the input view.

of the input view. In Figure 2.11, we demonstrate the impact of providing incorrect
elevation angles (e.g., altering the elevation angles of source views by +30°), which results
in distorted reconstruction results. Instead, utilizing our predicted elevation angles can
perfectly match results with ground truth elevations. We also quantitatively test our
elevation estimation module by rendering 1,700 images from random camera poses. As

shown in Figure 2.8, our elevation estimation module predicts accurate elevations.

Number of source views. In Figure 2.9, we also investigate the impact of varying the
number of source views on 3D reconstruction. We observe that our method is not very
sensitive to the number of views as long as the reconstruction module is retrained with

the corresponding setting.

360° reconstruction vs. multi-view fusion. While our method reconstructs a 360°
mesh in a single pass, most existing generalizable neural reconstruction approaches (Long
et al., 2022; Johari et al., 2022; Chen et al., 2021) primarily focus on frontal view
reconstruction. An alternative approach is to independently infer the geometry for
each view and subsequently fuse them together. However, we have observed that this
strategy often struggles with multi-view fusion due to inconsistent Zerol123 predictions,

as illustrated in Figure 2.10.
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Figure 2.12: Text to 3D. First row: “a bear in cowboy suit.” Second row: “a kungfu cat.”
We utilize DALL-E 2 (Ramesh et al., 2022) to generate an image conditioned on the text
and then lift it to 3D. We compare our method with Stable Dreamfusion (Poole et al.,
2022) and 3DFuse (Seo et al., 2023). For baselines, volume renderings are shown.

2.3.4 Text to 3D Mesh

As shown in Figure 2.12, by integrating with off-the-shelf text-to-image 2D diffusion
models (Rombach et al., 2022; Ramesh et al., 2022), our method can be naturally extended
to support text-to-image-3D tasks and generate high-quality textured meshes in a short

time. See supplementary for more examples.

2.4 More Examples on Real-World Images

In Figure 2.13, we showcase more examples on real-world images and compare our method
with the concurrent method Shap-E (Jun and Nichol, 2023). The input images are from
unsplash.com or captured by ourselves. Note that our results exhibit a closer adherence

to the input image.

2.5 Failure Cases and Limitations

Our method relies on Zerol123 for generating multi-view images, which introduces chal-
lenges due to its occasional production of inconsistent results. In Figure 2.14, we present
two typical cases that exemplify such inconsistencies. The first case involves an input
view that lacks sufficient information, such as the back view of a fox. In this scenario,
Zerol23 struggles to generate consistent predictions for the invisible regions, such as the

face of the fox. As a consequence, our method may encounter difficulties in accurately
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Figure 2.14: Failure cases. Our method relies on Zerol23 to generate multi-view images,
and we encounter challenges when Zerol23 generates inconsistent results. (a) The input
view lacks sufficient information. (b) The input view contains ambiguous or complicated
structures.

inferring the geometry for those regions. The second case involves an input view with
ambiguous or complex structures, such as the pulp and peel of a banana. In such situa-
tions, Zero123’s ability to accurately infer the underlying geometry becomes limited. As a
result, our method may be affected by the inconsistent predictions generated by Zero123.
It is important to acknowledge that these limitations arise from the occasional scenarios,
and they can impact the performance of our method in certain cases. Addressing these
challenges and refining the reliability of Zero123’s predictions remain areas for further

investigation and improvement.

We have also noticed slight artifacts on the back side of our generated results. As one
of the first works in combining view-conditioned 2D diffusion models with generalizable
multi-view reconstruction, we believe that there is still ample room for exploring more
advanced reconstruction techniques and incorporating additional regularizations. By
doing so, we expect to significantly mitigate the minor artifacts and further enhance

results in the future.

2.6 Discussion

In this chapter, we present One-2-3-45, a novel paradigm for reconstructing a high-quality
360° mesh of any object from a single image of it. By integrating view-conditioned 2D
diffusion priors with a generalizable neural surface reconstruction module, we established
a feed-forward pipeline that bypasses the need for time-consuming per-shape optimization.

Compared to contemporary zero-shot methods, our approach demonstrates significant
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advantages in geometric fidelity, 3D consistency, and faithfulness to the input view, while
dramatically reducing processing time to under a minute. Furthermore, our method also

allows for straightforward extension to text-to-3D generation.

While One-2-3-45 represents a significant step towards efficient and generalizable 3D
content creation, its reliance on the multi-view synthesis capabilities of the underlying 2D
diffusion model remains a critical factor. The quality and, crucially, the 3D consistency
of the synthesized views generated by models like Zerol23 directly impact the final
reconstruction quality. As observed, inconsistencies between predicted views can introduce
artifacts and limit the achievable level of detail. Addressing this bottleneck—enhancing
the robustness and 3D coherence of the synthesized multi-view inputs—forms the primary

motivation for the work presented in the subsequent chapter.
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CHAPTER 3

Multi-View Consistency and Fidelity in 3D

Generation

While the One-2-3-45 framework presented in the previous chapter demonstrated the
potential of leveraging 2D diffusion priors for rapid single-image 3D reconstruction, its final
output quality is inherently coupled with the consistency of the intermediate multi-view
predictions synthesized by Zerol123. Empirical results revealed that inconsistencies across

these generated views lead to compromised 3D reconstruction results.

To address this critical limitation, this chapter introduces One-2-3-45+4, a novel
method that effectively overcomes the shortcomings of One-2-3-45, delivering significantly
enhanced robustness and quality. Taking a single image of any object as input, One-2-
3-45++ inherits two primary stages: 2D multi-view generation and 3D reconstruction.
During the initial phase, rather than employing Zero123 to predict each view independently,
One-2-3-45++ predicts consistent multi-view images jointly. This is realized by tiling
a concise set of six-view images into a single image and then finetuning a 2D diffusion
model to generate this combined image conditioned on the input reference image. In
this way, the 2D diffusion net is able to attend to each view during generation, ensuring
more consistent results across views. In the second stage, One-2-3-45++ employs a
multi-view conditioned 3D-diffusion-based module to predict the textured mesh in a
coarse-to-fine fashion. The consistent multi-view conditional images act as a blueprint for
3D reconstruction, facilitating a zero-shot hallucination capability. Concurrently, the 3D
diffusion network excels in lifting the multi-view images, thanks to its ability to harness
a broad spectrum of priors extracted from the 3D dataset. Ultimately, One-2-3-454++

employs a lightweight optimization technique to enhance the texture quality efficiently,
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Figure 3.1: One-2-3-45++ is capable of transforming a single RGB image of any object
into a high-fidelity textured mesh in under a minute. The generated meshes closely
mirror the input image. Input image (and text prompt), textured mesh, and normal map
are shown.

leveraging the consistent multi-view images for supervision.

As depicted in Fig. 3.1, One-2-3-45++ efficiently generates 3D meshes with realistic
textures in under a minute, offering precise fine-grained control. Our comprehensive
evaluations, including user studies and objective metrics across an extensive test set,
highlight One-2-3-45++’s superiority in terms of robustness, visual quality, and, most
importantly, fidelity to the input image.

3.1 Related Work

3.1.1 3D Generation

3D generation has garnered significant attention in recent years. Before the advent of

large-scale pre-trained 2D models, researchers often delved into 3D native generative
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Figure 3.2: Starting with a single RGB image as input, we initially produce consistent
multi-view images by fine-tuning a 2D diffusion model. These multi-view images are then
elevated into 3D through a pair of 3D native diffusion networks. Throughout the 3D
diffusion process, the generated multi-view images act as essential guiding conditions.
After extracting the 3D mesh from the denoised volume, we further enhance the texture
by employing a lightweight optimization with multi-view images as supervision. One-2-3-
45++ is capable of producing an initial textured mesh within 20 seconds and delivering
a refined one in roughly one minute using a single A100 GPU.

models that learn directly from 3D synthetic data or real scans and generate various 3D
representations such as point clouds (Achlioptas et al., 2018; Fan et al., 2017; Melas-
Kyriazi et al., 2023c; Nichol et al., 2022; Zeng et al., 2022), 3D voxels (Choy et al., 2016;
Sanghi et al., 2022; Wu et al., 2017; Xie et al., 2019), polygon meshes (Gao et al., 2022;
Groueix et al., 2018; Kanazawa et al., 2018; Nash et al., 2020; Liu et al., 2021; Wang et al.,
2018; Liu et al., 2023g), parametric models (Hong et al., 2022), and implicit fields (Jun
and Nichol, 2023; Cheng et al., 2023; Gupta et al., 2023; Mescheder et al., 2019; Park
et al., 2019; Wu et al., 2023b; Xu et al., 2019; Li et al., 2023b; Zhang et al., 2023; Zheng
et al., 2023; Erkog et al., 2023; Zhao et al., 2023; Yu et al., 2023b). However, given
the limited availability of 3D data, these models tended to focus on a select number of
categories (e.g., chairs, cars, planes, humans, etc.), struggling to generalize to unseen

categories in the open world.

The advent of recent 2D generative models (e.g., DALL-E (Ramesh et al., 2021),
Imagen (Saharia et al., 2022), and Stable Diffusion (Rombach et al., 2022)) and vision-
language models (e.g., CLIP (Radford et al., 2021)) has equipped us with powerful

priors about our 3D world, consequently fueling a surge of research in 3D generation.

Notably, models like DreamFusion (Poole et al., 2022), Magic3D (Lin et al., 2023b),
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and ProlificDreamer (Wang et al., 2023d) have pioneered a line of approach for per-
shape optimization (Jain et al., 2022; Melas-Kyriazi et al., 2023a; Deng et al., 2023;
Mohammad Khalid et al., 2022; Lee and Chang, 2022; Metzer et al., 2023; Michel et al.,
2022; Raj et al., 2023; Seo et al., 2023; Tang et al., 2023c; Wang et al., 2023a; Xu et al.,
2023a,b; Tang et al., 2023b; Chen et al., 2023b; Qian et al., 2023; Chen et al., 2023c; Yu
et al., 2023a). These models are designed to optimize a 3D representation for each unique
input text or image, drawing on the 2D prior models for gradient guidance. While they
have yielded impressive results, these methods tend to suffer from prolonged optimization

" oversaturated colors, and a lack of diversity in results.

times, the "multi-face problem,’
Some works also concentrate on creating textures or materials for input meshes, utilizing

the priors of 2D models (Chen et al., 2023a; Richardson et al., 2023).

A new wave of studies, highlighted by works like Zero123 (Liu et al., 2023d), has
showcased the promise of using pre-trained 2D diffusion models for synthesizing novel
views from singular images or texts, opening new doors for 3D generation. For instance,
One-2-3-45 (Liu et al., 2023b), using multi-view images predicted by Zero123, can produce
a textured 3D mesh in a mere 45 seconds. Nevertheless, the multi-view images produced
by Zero123 lack 3D consistency. Our research, along with several concurrent studies (Shi
et al., 2023c; Liu et al., 2023e; Weng et al., 2023; Ye et al., 2023; Long et al., 2024),
is dedicated to enhancing the consistency of these multi-view images — a vital step for

subsequent 3D reconstruction applications.

3.1.2 Sparse View Reconstruction

While traditional 3D reconstruction methods, such as multi-view stereo or NeRF-based
techniques, often demand a dense collection of input images for accurate geometry
inference, many of the latest generalizable NeRF solutions (Chen et al., 2021; Johari
et al., 2022; Kulhanek et al., 2022; Liu et al., 2022a; Long et al., 2022; Ren et al., 2023;
Trevithick and Yang, 2021; Wang et al., 2022b, 2021b; Yang et al., 2023) strive to learn

priors across scenes. This enables them to infer NeRF from a sparse set of images and

30



generalize to novel scenes. These methods typically ingest a few source views as input,
leveraging 2D networks to extract 2D features. These pixel features are then unprojected
and aggregated into 3D space, facilitating the inference of density (or SDF) and colors.
However, these methods may either rely on consistent multi-view images with accurate

correspondences or possess limited priors to generalize beyond training datasets.

Recently, some methods (Zhou and Tulsiani, 2023; Chan et al., 2023; Tewari et al., 2023;
Karnewar et al., 2023) have employed diffusion models to aid sparse view reconstruction
tasks. However, they generally frame the problem as novel view synthesis, necessitating
additional processing, such as distillation using a 3D representation, to generate 3D
content. Our work utilizes a multi-view conditioned 3D diffusion model for 3D generation.
This model directly learns priors from 3D data and obviates the need for additional
post-processing. Moreover, some concurrent works (Long et al., 2024; Liu et al., 2023e; Shi
et al., 2023c) employ NeRF-based per-scene optimization for reconstruction, leveraging

specialized loss functions.

3.2 Method: One-2-3-45+-+

In traditional game studios, the creation of 3D content encompasses a series of stages,
including concept art, 3D modeling, and texturing, etc. Each stage demands distinct
and complementary expertise. For instance, concept artists should possess creativity, a
vivid imagination, and the skill to visualize 3D assets. In contrast, 3D modelers must
be skilled in 3D modeling tools and capable of interpreting and translating multi-view
concept drawings into life-like models, even when drawings contain inconsistencies or

errors.

One-2-3-45++4 aims to harness the rich 2D priors and the valuable yet limited 3D
data following a similar philosophy. As shown in Fig. 3.2, with a single input image of
an object, One-2-3-45++ starts by generating coherent multi-view images of the object.
This is achieved by finetuning a pre-trained 2D diffusion model and acts akin to the role

of a concept artist. These generated images are then input into a multi-view conditioned
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Figure 3.3: Consistent multi-view generation: We stitch multi-view images into a
single frame and fine-tune the Stable Diffusion model to generate this composite image,
using the input reference image as conditions. We utilize predetermined absolute elevation
angles and relative azimuth angles. During 3D reconstruction, we do not need to infer
the elevation angle of the input image.

3D diffusion model for 3D modeling. The 3D diffusion module, trained on extensive
multi-view and 3D pairings, excels at converting multi-view images into 3D meshes.
Finally, the produced meshes undergo a lightweight refinement module, guided by the

multi-view images, to further enhance the texture quality.

3.2.1 Consistent Multi-View Generation

Recently, Zero123 has demonstrated the potential of fine-tuning a pretrained 2D diffusion
network to incorporate camera view control, thereby synthesizing novel views of an
object from a single reference image. While previous studies have employed Zerol23 to
generate multi-view images, they often suffer from inconsistencies across different views.
This inconsistency arises because Zerol23 models the conditional marginal distribution
for each view in isolation, without considering inter-view communication during multi-
view generation. In this work, we present an innovative method to produce consistent

multi-view images, significantly benefiting downstream 3D reconstruction.
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Multi-View Tiling To generate multiple views in a single diffusion process, we adopt a
simple strategy by tiling a sparse set of 6 views into a single image with a 3 x 2 layout as
shown in Fig. 3.3. Subsequently, we finetune a pre-trained 2D diffusion net to generate
the composite image, conditioned on a single input image. This strategy enables multiple

views to interact with each other during the diffusion.

It’s nontrivial to define the camera poses of the multi-view images. Given that the
3D shapes within the training dataset lack aligned canonical poses, employing absolute
camera poses for the multi-view images could lead to ambiguities for the generative
model. Alternatively, if we were to set the camera poses relative to the input view, as
done in Zerol123, downstream applications would then be required to infer the elevation
angle of the input image to deduce the camera poses of the multi-view images. This
additional step could introduce errors into the pipeline. To address these, we opt for fixed
absolute elevation angles paired with relative azimuth angles to define the poses of multi-
view images, effectively resolving the orientation ambiguity without necessitating further
elevation estimation. To be more precise, the six poses are determined by alternating
elevations of 30° and —20°, coupled with azimuths commencing at 30° and incrementing

by 60° for each subsequent pose, as shown in Fig. 3.3.

Network and Training Details To fine-tune Stable Diffusion for adding image condi-
tioning and generating coherent multi-view composite images, we employ three crucial
network or training designs: (a) Local Condition: We adopt the reference attention
technique (Zhang, 2023) to incorporate the local condition of the image patch features.
Specifically, we process the reference input image with the denoising UNet model and
append the self-attention key and value matrices of the image tokens from the conditional
reference image to the corresponding attention layers of the denoising multi-view image.
(b) Global Condition: We leverage CLIP image embedding as a global condition, by
replacing the text token features originally used in Stable Diffusion with the duplicated
CLIP image features. These global image embeddings are multiplied by a set of learnable
weights, providing the network with an overall semantic understanding of the object. (c)

Noise Schedule: The original Stable Diffusion model was trained using a scaled-linear
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noise schedule. We found it necessary to switch to a linear noise scheme in our fine-tuning

process.

We fine-tune the Stable Diffusion2 v-mode using 3D shapes from the Objaverse
dataset (Deitke et al., 2023b). For each shape, we generate three data points by randomly
sampling the camera pose of the input image from a specified range, and selecting a random
HDRI environment lighting from a curated set that offers uniform lighting. Initially, we
fine-tuned only the self-attention layers along with the key and value matrices of the
cross-attention layers using LoRA (Hu et al., 2021). Subsequently, we fine-tuned the
entire UNet using a conservative learning rate. The finetuning process was conducted

using 16 A100 GPUs and took approximately 10 days.

3.2.2 3D Diffusion with Multi-View Condition

While prior work utilizes generalizable NeRF methods for 3D reconstruction, it primarily
depends on accurate local correspondence of multi-view images and possesses limited
priors for 3D generation. This constrains their effectiveness in lifting intricate and
inconsistent multi-view images generated by the 2D diffusion network. Instead, we
propose an innovative way to lift the generated multi-view images to 3D by utilizing a
multi-view conditioned 3D generative model. It seeks to learn a manifold of plausible
3D shapes conditioned on multi-view images by training expressive 3D native diffusion

networks on extensive 3D data.

3D Volume Representations As shown in Fig. 3.2, we represent a textured 3D shape
as two discrete 3D volumes, a signed distance function (SDF) volume, and a color volume.
The SDF volume measures the signed distance from the center of each grid cell to the
nearest shape surface, while the color volume captures the color of the closest surface points
relative to the center of the grid cells. Additionally, we generate a discrete occupancy
volume for the 3D shape, where each grid cell stores a binary occupancy based on whether
the absolute value of its SDF is below a predefined threshold. The occupancy volume

depicts the shell of the 3D shape.
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Two-Stage Diffusion Capturing fine-grained details of 3D shapes necessitates the
use of high-resolution 3D grids, which unfortunately entail substantial memory and
computational costs. We thus follow LAS-Diffusion (Zheng et al., 2023) to generate
high-resolution volumes in a coarse-to-fine two-stage manner. Specifically, the initial stage
generates a low-resolution (e.g., n = 64) full 3D occupancy volume F € R™"xnx1 tq
approximate the shell of the 3D shape. The second stage then focuses on the occupied
shell region only and aims to generate a high-resolution (e.g., 128%) four-channel sparse
volume S, which predicts fine-grained SDF values and color for the sparsely occupied

shell region.

We employ a separate diffusion network for each stage. For the first stage, normal 3D
convolution is used within the UNet to produce the full 3D occupancy volume F', while
for the second stage, we incorporate 3D sparse convolution (Tang et al., 2023a) in the
UNet to yield the 3D sparse volume S. Both diffusion networks are trained using the
denoising loss (Ho et al., 2020):

E:):o = EeNN(O,I),tNL{(O,l) ||f (It’tu C) - $0||§

where € and t are sampled noise and time step, x is a data point (F' or S) and z; is
its noised version, ¢ is the multi-view condition, and f is the UNet. A and U denote

Gaussian and uniform distribution, respectively.

Multi-View Condition Training a conventional 3D native diffusion network can be
challenging to generalize due to the limited availability of 3D data. However, the use of
generated multi-view images can provide a comprehensive guide, greatly simplifying the
imagination difficulty of 3D generation. We integrate the multi-view images to guide the
diffusion process by initially extracting local image features and subsequently constructing
a conditional 3D feature volume, denoted as C. This strategy follows the rationale that

local priors facilitate easier generalization (Zheng et al., 2023).

As shown in Fig. 3.4, given m multi-view images, we first employ a pre-trained 2D

backbone, DINOvV2, to extract a set of local patch features for each image. We then build
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Figure 3.4: Multi-view local condition: We employ a pre-trained 2D backbone to
extract 2D patch features for each view. These features are then aggregated using known
projection matrices to construct a 3D feature volume. The volume is further processed
by 3D convolutional neural networks, resulting in feature volumes of varying resolutions.
Subsequently, these volumes are concatenated with the corresponding feature volumes
within the diffusion U-Net to guide the 3D diffusion.

a 3D feature volume C' by projecting each 3D voxel within the volume onto m multi-view
images using the known camera poses. For each 3D voxel, we aggregate m associated 2D
patch features through a shared-weight MLP, followed by max pooling. These aggregated

features collectively form the feature volume C.

In the diffusion network, the UNet consists of several levels. For example, the
occupancy UNet in the initial stage has five levels: 643, 323, 163, 83, and 43. Initially,
we construct a conditional feature volume C' that matches the starting resolution, as
outlined earlier. A 3D convolution network is then applied to C, producing volumes for
the subsequent resolutions. The resultant conditional volumes are then concatenated
with the volumes inside the UNet to guide the diffusion process. For the second stage, we
construct sparse conditional volumes and utilize 3D sparse convolution. To benefit the
diffusion of color volume, we also concatenate 2D pixel-wise projected colors to the final
layer of the diffusion UNet. Moreover, we integrate the CLIP feature of the input image

as a global condition.

Training and Inference Details We train the two diffusion networks using 3D shapes
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Figure 3.5: Qualitative results of various single image to 3D approaches. Input images,
textured meshes, and normal maps are shown.

from the Objaverse dataset (Deitke et al., 2023b). For each 3D shape, we first convert it
to a watertight manifold before extracting its SDF volume. We unproject the multi-view
renderings of the shape to get a 3D colored point cloud, which is used to build the color
volume. During training, we utilize the ground truth renderings to serve as the multi-view
conditions. Since two diffusion networks are trained separately, we introduced random
perturbations to camera poses and infused random noises to the initial occupancy of the
second stage to enhance robustness. We train the two diffusion nets using 8 A100 GPUs

for about 10 days for each stage.

During inference, a 642 grid is first initialized with Gaussian noise and then denoised
by the first diffusion net. Each predicted occupied voxel is further subdivided into 8
smaller voxels, used to construct a high-resolution sparse volume. The sparse volume is
initialized with Gaussian noise and then denoised with the second diffusion net, resulting
in predictions for the SDF and color of each voxel. The Marching Cubes algorithm is

finally applied to extract a textured mesh.
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Table 3.1: Comparison on single image to 3D. Evaluated on the GSO (Downs et al., 2022)
dataset, which contains 1,030 3D objects.

Method F-Score (%)t CLIP-Sim? User-Pref. (%)1 Timel

Zerol123 XL (Deitke et al., 2023a) 91.6 73.1 58.6 30min
One-2-3-45 (Liu et al., 2023b) 90.4 70.8 52.7 45s
SyncDreamer (Liu et al., 2023e) 84.8 68.9 28.4 6min
DreamGaussian (Tang et al., 2023b) 81.0 68.4 31.5 2min
Shap-E (Jun and Nichol, 2023) 91.8 73.1 40.8 27s
Ours 93.6 81.0 87.6 60s

3.2.3 Texture Refinement

Given that multi-view images possess higher resolution than the 3D color volume, we can
refine the texture of the generated mesh through a lightweight optimization process. To
achieve this, we fix the geometry of the generated mesh while optimizing a color field
represented by a TensoRF (Chen et al., 2022). In each iteration, the generated 3D mesh
is rasterized, and the color network is queried to produce 2D renderings. We leverage the
predicted consistent multi-view images to guide the texture optimization using a [2 loss.
Lastly, we bake the optimized color field onto the mesh, with the surface normal serving

as the viewing direction.

3.3 Experiments

3.3.1 Comparison on Image to 3D

Baselines: We evaluate One-2-3-45++ against both optimization-based and feed-forward
methods. Within the optimization-based approaches, our baselines include DreamFu-
sion (Poole et al., 2022) with Zero123 XL (Liu et al., 2023d) as its backbone, as well
as SyncDreamer (Liu et al., 2023e), and DreamGaussian (Tang et al., 2023b). For feed-
forward approaches, we compare with One-2-3-45 (Liu et al., 2023b) and Shap-E (Jun and
Nichol, 2023). We employ the ThreeStudio (Guo et al., 2023) implementation for Zero123

XL (Guo et al., 2023) and the original official implementations for the other methods.
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Figure 3.6: Results of a user study involving 53 participants. Each cell displays the
probability or preference rate at which one method (row) outperforms another (column).

Dataset and Metrics: We assess the performance of the methods using the entire set of
1,030 shapes from the GSO dataset (Downs et al., 2022), which were not exposed to any
of the methods during training to the best of our knowledge. For each shape, we generate
a frontal view image to serve as the input. In line with One-2-3-45 (Liu et al., 2023b), we
employ the F-Score and CLIP similarity as our evaluation metrics. The F-Score evaluates
the geometric similarity between the predicted mesh and the ground truth mesh. For
the CLIP similarity metric, we render 24 different views for each predicted and ground
truth mesh, compute the CLIP similarity for each corresponding pair of images, and
then average these values across all views. Prior to metric computation, we align the
predicted mesh with the ground truth mesh using a combination of linear search and the

ICP algorithm.

User Study: A user study was also carried out. For each participant, 45 shapes were
randomly selected from the entire GSO dataset, and two methods were randomly sampled
for each shape. Participants were asked to choose the result from each pair of comparative

outcomes that exhibits superior quality and better aligns with the input image. The
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Figure 3.7: Our qualitative results: top row displays input images; subsequent rows show
multi-view renderings of the generated meshes.
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preference rate for all methods was then tallied based on these selections. In total, 2,385

evaluated pairs were collected from 53 participants.

Results: As presented in Table 3.1, One-2-3-454+-+ surpasses all baseline methods
regarding F-Score and CLIP similarity. The user preference scores further highlight a
significant performance disparity, with our method outperforming competing approaches
by a substantial margin. Refer to Fig. 3.6 for an in-depth confusion matrix, which
illustrates that One-2-3-45++ outperforms One-2-3-45 92% of the time. Moreover, when
compared to optimization-based methods, our approach demonstrates notable runtime

advantages. Fig. 3.5 and 3.7 show qualitative results.

3.3.2 Comparison on Text to 3D

Baselines: We compared One-2-3-45++ with optimization-based methods, specifically
ProlificDreamer (Wang et al., 2023d) and MVDream (Shi et al., 2023c), as well as a
feed-forward approach, Shap-E (Jun and Nichol, 2023). For ProlificDreamer, we utilized
the ThreeStudio implementation (Guo et al., 2023), while for the remaining methods, we

employed their respective official implementations.

Dataset and Metrics: Given that many baseline approaches necessitate hours to

produce a single 3D shape, our evaluation was conducted on 50 text prompts, sampled
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Shap-E ProlificDreamer MVDream Ours

a blue lobster

a hippo wearing
a sweater

a marble bust of
a fox head

Figure 3.8: Qualitative results of various text-to-3D approaches. Input images, textured
meshes, and normal maps are shown.

Table 3.2: Quantitative comparison with various text to 3D methods. Evaluated on 50
text prompts from DreamFusion (Poole et al., 2022).

Method ‘CLIP—SimT User-Pref.? Runtime]
ProlificDreamer (Wang et al., 2023d) 25.7 39.5 10h+
MVDream (Shi et al., 2023c) 24.8 66.2 2h
Shap-E (Jun and Nichol, 2023) 22.3 11.1 27s
Ours 26.8 84.1 60s

from DreamFusion (Poole et al., 2022). We utilize CLIP similarity, calculated by comparing
24 rendered views of the predicted mesh against the input text prompt and then averaging

the similarity scores across all views.

User Study: The user study, akin to the image-to-3D evaluation, involved 30 pairs of
outcomes randomly selected for each participant. In total, 1,590 evaluation pairs were

collected from 53 participants.

Results: As illustrated in Table 3.2, One-2-3-45++ outperforms all baseline methods in
terms of CLIP similarity. This is further corroborated by user preference scores, with our
method significantly outshining rival techniques. See Fig. 3.6 for an in-depth analysis.
When directly comparing One-2-3-45++ with the second-best method, MVDream (Shi
et al., 2023c), our approach commands a 70% user preference rate. Moreover, while our

method delivers prompt results, MVDream (Shi et al., 2023c) requires about 2 hours to
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Table 3.3: Ablation studies of different modules. Evaluated on the complete GSO (Downs
et al., 2022) dataset. “MultiView”, “Reconstruction”, and “Texture” indicate multi-view
generation, sparse view reconstruction, and texture refinement modules, respectively.

MultiView Reconstruction Texture|F-Sc.t CLIP-Sim? Time]
Zerol123 XL (Deitke et al., 2023a) Ours w/o | 92.9 71.9 14s
Ours SparseNeuS (Long et al., 2022) w/o | 81.2 67.2 15s
Ours Ours w/o | 93.6 73.4 20s
Ours Ours w/ | 93.6 81.0 60s

generate a single shape. Fig. 3.8 shows qualitative results.

3.3.3 Analyses

Ablation Studies of Overall Pipeline One-2-3-45++ is comprised of three key
modules: consistent multi-view generation, multi-view conditioned 3D diffusion, and
texture refinement. We conducted ablation studies on these modules using the complete
GSO dataset (Downs et al., 2022), with results detailed in Table 3.3. Replacing our
consistent multi-view generation module with Zero123XL (Deitke et al., 2023a) led to a
noticeable performance decline. Furthermore, substituting our 3D diffusion module with
the generalizable NeRF used in One-2-3-45 (Liu et al., 2023b) resulted in an even more
significant performance drop. However, the inclusion of our texture refinement module

markedly improved texture quality, yielding higher CLIP similarity scores.

Ablation Studies of 3D Diffusion Table 3.4 presents the results of an ablation study of
the 3D diffusion module. The study highlights the importance of multi-view images for the
module’s efficacy. When the module operates without multi-view conditions, relying solely
on the global CLIP feature from a single input view (rows a and f), there is a significant
decline in performance. Conversely, the One-2-3-454++ approach leverages multi-view
local features by constructing a 3D feature volume with known projection matrices. A
mere concatenation of global CLIP features from multiple views also impairs performance
(rows b and f), underlining the value of multi-view local conditions. Global CLIP features
of the input view, however, provide global shape semantics; their removal results in

decreased performance (rows ¢ and e). Although One-2-3-45++ uses predicted multi-view
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Table 3.4: Ablation study of the 3D diffusion module. 3D IoU of the initial-stage
occupancy prediction is reported. Note that the 3D IoU is computed for the 3D shell,
excluding the solid interior.

id‘multi—view cond. global cond. image source proj. perturb. ‘BD IoU 71

a w/o w/ rendering N/A 18.3
b global w/ rendering N/A 24.4
c local w/o rendering w/o 41.4
d local w/ prediction w/o 41.9
e local w/ rendering w/o 44.1
f local w/ rendering w/ 45.1

images for 3D reconstruction, incorporating these predicted images during training of
the 3D diffusion module can lead to a performance downturn (rows d and e) due to the
potential mismatch between the predicted multi-view images and actual 3D ground truth
meshes. To train the module effectively, we utilize ground truth renderings. Recognizing
that predicted multi-view images may be flawed, we introduce random perturbations
to projection matrices during training to enhance robustness when processing predicted

multi-view images (rows e and f).

Comparison on Multi-View Generation We also evaluate our consistent multi-view
generation module against existing approaches, namely Zero123 (Liu et al., 2023d) and its
scaled variant (Deitke et al., 2023a), alongside two concurrent works: SyncDreamer (Liu
et al., 2023e) and Wonder3D (Long et al., 2024). Our comparison utilizes the GSO (Downs
et al., 2022) dataset, where for each object, we render a single input image and task the
methods with producing multi-view images. For Zerol23 and Zerol23 XL, we utilize
the same target poses as our approach. However, for Wonder3D and SyncDreamer, we
employ the target poses preset by these methods, as they do not support altering camera
positions during inference. As presented in Table 3.5, our approach surpasses current
methodologies in PSNR, LPIPS, and foreground mask IoU. Notably, Wonder3D (Long
et al., 2024) employs orthographic projection in its training phase, which compromises its
robustness when dealing with perspective images during inference. SyncDreamer (Liu

et al., 2023e) only generates views at an elevation of 30°, a simpler setting than ours.
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Table 3.5: Comparison of different multi-view generation methods. Evaluated on the
complete GSO (Downs et al., 2022) dataset.

‘Target Elevations‘PSNR 1T LPIPS | Mask IoU 1

Zero123 (Liu et al., 2023d) 20.32  0.110 0.856
Zero123 XL (Deitke et al., 2023a)| 30° and —20° 20.11 0.113 0.869
Ours 22.12 0.110 0.878

SyncDreamer (Liu et al., 2023¢) 30° 21.67  0.095 0.894
Wonder3D (Long et al., 2024) 0° 18.67  0.130 0.635

3.4 Discussion

In this chapter, we introduced One-2-3-454+, an innovative approach for transforming a
single image of any object into a 3D textured mesh. This method stands out by offering
more precise control compared to existing text-to-3D models, and it is capable of delivering
high-quality meshes swiftly—typically in under a minute. Additionally, the generated

meshes exhibit a high fidelity to the original input image.

Looking ahead, there is potential to enhance the robustness and detail of the geometry
by incorporating additional guiding conditions from 2D diffusion models, alongside RGB
images. Alternative future strategies might also explore fundamentally different structured
or decomposed latent 3D representations, potentially offering distinct advantages in

controllability and editability compared to the current volumetric diffusion approach.

Moreover, the methods discussed thus far primarily address the challenge of generating
3D objects from a single input view. A crucial next step towards truly generalizable
3D perception is handling even more challenging scenarios involving sparse, potentially
unposed input views. Tackling the inherent ambiguity and lack of correspondence in
such sparse data necessitates better strategies for understanding the spatial relationships

between views, a challenge we turn to in the following chapter.
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Figure 3.9: Pipeline Overview. MeshFormer takes a sparse set of multi-view RGB and
normal images as input, which can be estimated using existing 2D diffusion models. We
utilize a 3D feature volume representation, and submodules Voxel Former and Sparse
Voxel Former share a similar novel architecture, detailed in the gray region. We train
MeshFormer in a unified single stage by combining mesh surface rendering and 512 SDF
supervision. MeshFormer learns an additional normal texture, which can be used to
further enhance the geometry and generate fine-grained sharp geometric details.

3.5 Related Project

Above, we have discussed One-2-3-45+4, which demonstrates the effectiveness of using
two-stage 3D diffusion models conditioned on generated consistent multi-view images.
However, it still struggles to generate high-quality textures or fine-grained geometry. In
the related project below, we propose a redesigned reconstruction model with significantly

increased capacity, achieving superior mesh quality and detail.

3.5.1 MeshFormer

While open-world 3D reconstruction models have recently garnered significant attention,
achieving high-quality mesh outputs efficiently often remains a challenge. Many existing
methods, without sufficient 3D inductive bias, entail expensive training costs and can
struggle to extract clean, detailed 3D meshes. In this work, we introduce MeshFormer,

a sparse-view reconstruction model that explicitly leverages 3D native structure, input
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guidance, and training supervision. Specifically, instead of using a triplane representation,
we store features in 3D sparse voxels and combine transformers with 3D convolutions to
leverage an explicit 3D structure and projective bias. In addition to sparse-view RGB
input, we require the network to take input and generate corresponding normal maps.
The input normal maps can be predicted by 2D diffusion models, significantly aiding in
the guidance and refinement of the geometry’s learning. Moreover, by combining Signed
Distance Function (SDF) supervision with surface rendering, we directly learn to generate
high-quality meshes without the need for complex multi-stage training processes. By
incorporating these explicit 3D biases, MeshFormer can be trained efficiently and deliver
high-quality textured meshes with fine-grained geometric details. It can also be integrated

with 2D diffusion models to enable fast single-image-to-3D and text-to-3D tasks.

The pipeline of the system can be found in Fig. 3.9. For more details, please refer

to (Liu et al., 2024b).
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CHAPTER 4

Sparse-View 3D Reconstruction and Pose Estimation

3D object reconstruction is a long-standing problem with applications that span 3D
content creation, augmented reality, virtual reality, and robotics, among others. Although
traditional photogrammetry (Barnes et al., 2009; Schénberger et al., 2016; Stereopsis,
2010) and recent neural field methods (Mildenhall et al., 2021; Wang et al., 2021a; Yariv
et al., 2021) have made significant strides in reconstructing high-fidelity geometry and
appearance, they typically require dense view inputs. However, in many practical scenarios,
such as in e-commerce and consumer capture situations, acquiring a comprehensive set of

high-resolution images along with precise camera data is not always feasible.

On the other end of the spectrum, as discussed in the previous chapters, the tasks of con-
verting a single image to 3D and text to 3D have recently seen substantial progress (Poole
et al., 2022; Lin et al., 2023b; Li et al., 2023a; Liu et al., 2024a; Shi et al., 2023¢; Wang
et al., 2023d), thanks to the rich priors embedded in 2D diffusion models (Ramesh
et al., 2021; Saharia et al., 2022; Rombach et al., 2022) and pre-training on extensive 3D
datasets (Deitke et al., 2023b). These methods may achieve high-quality geometry and
texture that matches the input view, but they also introduce ambiguities in the regions
not visible in the input image (such as the back view). Although these methods attempt
to hallucinate reasonable interpretations of these invisible areas, the generated regions
may not always align with users’ expectations, and users often lack sufficient control over

these ambiguous regions.

In this chapter, we explore a critical scenario in which the input consists of one or a few
unposed 2D images of a single object. The images are captured from arbitrarily distributed

camera poses, often with little to no overlap. We tackle both the 3D reconstruction and
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pose estimation of input images under this sparse view setting. Note that, in dense view
setting, traditional Structure-from-Motion (SfM) solvers (e.g., COLMAP (Schonberger
and Frahm, 2016)) are typically employed for pose estimation. However, with sparse view
inputs, these solvers often become unreliable and tend to fail due to insufficient overlapping
visual cues. This issue is the main reason why existing sparse view reconstruction
methods (Kim et al., 2022; Long et al., 2022; Zhou and Tulsiani, 2023) generally require
known camera poses as input. While some recent methods have attempted pose-free
reconstruction and pose estimation for sparse views (Lin et al., 2023a; Sinha et al., 2023;
Zhang et al., 2022a; Jiang et al., 2022, 2023), they are usually trained on a predefined

small set of object categories and exhibit poor generalization to unseen object categories.

In response, we propose an innovative class-agnostic approach called SpaRP, capable
of processing arbitrary object categories with unposed sparse views. Our inspiration
comes from recent breakthroughs in open-domain single-image-to-3D methods. They
leverage 2D diffusion models (e.g., Stable Diffusion (Rombach et al., 2022)) to generate
novel viewpoints of an object (Liu et al., 2023d), and even consistent multi-view images
from a single input image (Shi et al., 2023c,a; Li et al., 2023a; Liu et al., 2023e; Long
et al., 2024), by finetuning the diffusion models with corresponding multi-view image
pairs. These discoveries imply that 2D diffusion models harbor rich priors concerning
3D objects. Instead of merely producing multi-view images, we contemplate leveraging
2D diffusion models to examine a set of unposed input images from sparse viewpoints,
infer their spatial interrelationships, and recover relative camera poses and underlying 3D

shapes.

Specifically, we finetune a 2D diffusion model (Rombach et al., 2022) to process sparse
input views by compositing them into a single image for conditioning. The diffusion model
is concurrently tuned to deduce the relative poses of the input images and the underlying
3D objects. For the relative pose estimation branch, instead of outputting camera poses
as scalars, we task 2D diffusion models to produce a surrogate representation: the NOCS
maps (Wang et al., 2019) that embed pixel-wise correspondences across different views

and are more suitable for 2D diffusion models. From these maps, we extract the relative
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Figure 4.1: SpaRP handles open-world 3D reconstruction and pose estimation from
unposed sparse-view images, delivering results in approximately 20 seconds.

camera poses for the sparse views using the traditional PnP algorithm (Bradski, 2000),
assuming known camera intrinsics. For the reconstruction branch, the diffusion model
is tasked to produce multi-view images of the object from fixed known camera poses,
covering the entire 3D object. This task requires the models to incorporate all information
from input sparse views and hallucinate invisible regions. We then feed the generated
images with fixed known poses into a pre-trained 3D reconstruction module (Liu et al.,
2024a) to create a textured 3D mesh. We can further refine the estimated camera poses by

aligning the input views with the generated mesh through differentiable rendering (Laine

et al., 2020).
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We train SpaRP on the Objaverse (Deitke et al., 2023b) dataset with 1-6 unposed input
views. Unlike some previous methods that rely on costly per-shape optimization (Wu
et al., 2023a), our method delivers 3D textured meshes along with camera poses in
a much more efficient manner, requiring only ~16 seconds. As shown in Fig. 4.1, our
approach can faithfully generate 3D assets that closely follow the reference unposed images,
effectively overcoming the ambiguity issue of single-image-to-3D. Extensive evaluation on
three datasets demonstrates the superior performance of our method over baselines in
reconstructing 3D meshes with vivid appearance and high-fidelity geometry, alongside

precise pose estimation of the input images.

4.1 Related Work

4.1.1 Sparse-View 3D Reconstruction

Reconstructing 3D objects from sparse-view images is challenging due to the lack of
visual correspondence and clues. When a small baseline between images is assumed,
several methods (Chen et al., 2021; Long et al., 2022; Rematas et al., 2021; Trevithick
and Yang, 2021; Yu et al., 2021a; Johari et al., 2022; Kulhdnek et al., 2022; Liu et al.,
2022a; Ren et al., 2023; Wang et al., 2022b, 2021b; Yang et al., 2023) have pretrained
generalizable models to infer surface positions by establishing pixel correspondences and
learning generalizable priors across scenes. However, these methods often fail to produce
satisfactory results when the sparse-view images have a large baseline. Some studies have
attempted to alleviate the dependence on dense views by incorporating priors or adding
regularization (Shi et al., 2023b; Jain et al., 2021; Kim et al., 2022; Niemeyer et al., 2022)
into the NeRF optimization process. Others have employed 2D diffusion priors to generate
novel-view images as additional input for the NeRF model (Zhou and Tulsiani, 2023; Chan
et al., 2023; Tewari et al., 2023; Karnewar et al., 2023). For example, ReconFusion (Wu
et al., 2024) trains a NeRF from sparse-view images and uses a denoising UNet to infer
some novel view images as support for the NeRF model. EscherNet (Kong et al., 2024)

utilizes Stable Diffusion for novel view synthesis and designs a camera positional encoding
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module to yield more consistent images. Furthermore, some recent works (Long et al.,
2024; Liu et al., 2023e; Shi et al., 2023c) have integrated specialized loss functions and

additional modalities as inputs into NeRF-based per-scene optimization.

In contrast to these methods, our approach does not require camera poses for the input
sparse views. It is not limited to small baselines and is capable of generating 360-degree
meshes. Furthermore, without the need for per-shape optimization, our method can

quickly produce both textured meshes and camera poses in about 20 seconds.

4.1.2 Pose-Free Reconstruction

Unlike the methods mentioned above, which assume known camera poses, many studies
have aimed to solve the pose-free reconstruction challenge. When provided with dense
images, some approaches (Lin et al., 2021; Wang et al., 2021c; Xia et al., 2022) jointly
optimize the NeRF representation along with camera parameters. However, due to the
highly non-convex nature of this optimization problem, such methods are susceptible to
initial pose guesses and can become trapped in local minima. This issue worsens when
input images are sparse, with increasing ambiguity and reduced constraint availability. In
response, numerous proposals have attempted to enhance optimization robustness. For
example, SpaRF (Truong et al., 2023) uses dense image matches as explicit optimization
constraints, while FvOR (Yang et al., 2022) starts with coarse predictions of camera poses

and alternated updates between shape and pose.

In contrast to the optimization-based methods, there is a body of research proposing
generalizable solutions for this problem. VideoAE (Lai et al., 2021) infers scene geometry
from the first frame in a video series and estimates camera poses relative to that frame,
which allows for warping scene geometry to decode new viewpoints. SparsePose (Sinha
et al., 2023) first regresses and then iteratively refines camera poses. FORGE (Jiang
et al., 2022) designs neural networks to infer initial camera poses, fuse multi-view features,
and decode spatial densities and colors. GRNN (Tung et al., 2019) offers a GRU-based

reconstruction method estimating the relative pose for each input view against a global
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feature volume. The RelPose series (Zhang et al., 2022a; Lin et al., 2023a) use probabilistic
modeling for relative rotation estimation between images. Other works (Sajjadi et al., 2022;
Jiang et al., 2023) eschew explicit camera pose estimations, instead employing transformers

to encode input views into latent scene representations for novel view synthesis.

More recently, leveraging large vision models and diffusion models, which have shown
significant promise, new efforts have emerged for camera pose estimation. PoseDiffu-
sion (Wang et al., 2023b) implements a diffusion model guided by 2D keypoint matches to
estimate poses. PF-LRM (Wang et al., 2023c) adapts the LRM model (Hong et al., 2023)
to predict a point cloud for each input image, then utilizes differentiable PnP for pose
estimation. iFusion (Wu et al., 2023a) employs an optimization pipeline to assess relative
elevations and azimuths. It utilizes Zero123 (Liu et al., 2023d) predictions as a basis and
optimizes the relative pose between two images by minimizing the reconstruction loss

between the predicted and target images.

In contrast to these existing approaches, our proposal capitalizes on the extensive priors
inherent in pre-trained 2D diffusion models, thereby providing exceptional generalizability
to handle a diverse range of open-world categories. Our method predicts camera poses
and 3D mesh geometry in a single feedforward pass, negating the need for per-shape

optimization.

4.1.3 Open-World 3D Generation

Open-world single-image-to-3D and text-to-3D tasks have recently undergone significant
advancements. Recent 2D generative models (Ramesh et al., 2021; Saharia et al., 2022;
Rombach et al., 2022) and vision-language models (Radford et al., 2021) have supplied
valuable priors about the 3D world, sparking a surge in research on 3D generation.
Notably, models such as DreamFusion (Poole et al., 2022), Magic3D (Lin et al., 2023Db),
and ProlificDreamer (Wang et al., 2023d) have pioneered a line of approach to per-
shape optimization (Jain et al., 2022; Melas-Kyriazi et al., 2023a; Deng et al., 2023;
Mohammad Khalid et al., 2022; Lee and Chang, 2022; Metzer et al., 2023; Michel et al.,
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2022; Raj et al., 2023; Seo et al., 2023; Tang et al., 2023c; Wang et al., 2023a; Xu et al.,
2023a,b; Tang et al., 2023b; Chen et al., 2023b; Qian et al., 2023; Chen et al., 2023c¢; Yu
et al., 2023a). These models optimize a 3D representation (e.g., NeRF) for each unique
text or image input, utilizing the 2D prior models for gradient guidance. Although they
produce impressive results, these methods are hampered by prolonged optimization times,

often extending to several hours, and “multi-face issue” problems.

Moreover, beyond optimization-based methods, exemplified by Zero123 (Liu et al.,
2023d), numerous recent studies have investigated the employment of pre-trained 2D
diffusion models for synthesizing novel views from single images or text (Shi et al., 2023c;
Liu et al., 2023e; Weng et al., 2023; Ye et al., 2023; Long et al., 2024; Shi et al., 2023a).
They have introduced varied strategies to foster 3D-consistent multi-view generation.
The resulting multi-view images can then serve for 3D reconstruction, utilizing either
optimization-based methods (Shi et al., 2023c; Liu et al., 2023e; Long et al., 2024) or
feedforward models (Liu et al., 2023b, 2024a; Li et al., 2023a).

While most existing works focus on single-image-to-3D or text-to-3D, they often
hallucinate regions that are invisible in the input image, which provides users with limited
control over those areas. In this chapter, we seek to broaden the input to encompass
unposed sparse views and address both the 3D reconstruction and pose estimation

challenges in a time-efficient way—within tens of seconds.

4.2 Method: SpaRP

Given n unposed input images {I; | i = 1,...,n; 1 < n < 6}, which illustrate a single
object from arbitrary categories, we predict their relative camera poses §;; and reconstruct
the 3D model M of the object. As illustrated in Fig. 4.2, we first finetune a 2D diffusion
model (Rombach et al., 2022) to process the unposed sparse input images (Section 4.2.1).
The 2D diffusion model is responsible for jointly generating grid images for both the NOCS
maps of the input views, as well as multi-view images with known camera poses. We use

the predicted NOCS maps to estimate the camera poses for the input views (Section 4.2.2).
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Figure 4.2: Pipeline Overview of SpaRP. We begin by taking a sparse set of unposed
images as input, which we tile into a single composite image. This composite image is
subsequently provided to the Stable Diffusion UNet to serve as the conditioning input.
The 2D diffusion model is simultaneously finetuned to predict NOCS maps for the input
sparse views and multi-view images under known camera poses. From the NOCS maps,
we extract the camera poses corresponding to the input views. The multi-view images are
then processed by a reconstruction module to generate textured 3D meshes. Optionally,
the camera poses can be further refined using the generated mesh for improved accuracy.

The resulting multi-view images are fed into a two-stage 3D diffusion model for a coarse-
to-fine generation of a 3D textured mesh (Section 4.2.3). This joint training strategy
allows the two branches to complement each other. It enhances the understanding of both
the input sparse views and the intrinsic properties of the 3D objects, thereby improving
the performance of both pose estimation and 3D reconstruction. Optionally, the generated

3D mesh can also be used to further refine the camera poses (Section 4.2.4).

4.2.1 Tiling Sparse View Images as Input Condition

Recently, numerous studies have shown that 2D diffusion models not only possess robust
open-world capabilities but also learn rich 3D geometric priors. For instance, Stable
Diffusion (Rombach et al., 2022), can be finetuned to include camera view control (Liu
et al., 2023d; Shi et al., 2023c,a; Li et al., 2023a; Liu et al., 2023e; Long et al., 2024),
enabling it to predict novel views of objects—a task that necessitates significant 3D spatial
reasoning. Consequently, we are inspired to utilize the rich priors inherent in 2D diffusion

models for the tasks of sparse-view 3D reconstruction and pose estimation.

Unlike most existing approaches that use a single RGB image as the condition and

focus on synthesizing multi-view images, our goal is to take a sparse set of input images
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Figure 4.3: (a) Regardless of the poses of the sparse input views (in black), the output
multiviews are uniformly distributed (in red) and encompass the entire 3D object. (b)
The Normalized Object Coordinate Space (NOCS) of the object, whose orientation is
aligned with the azimuth of the first input view. (¢) An example of input and output
tiled images. The elevation and azimuth of the first input view are denoted by 6, and
¢, respectively. The camera poses of the output multiview images are determined by ¢q.
The output NOCS maps correspond to the input sparse views, and the orientation of the
coordinate frame is also determined by ¢y.

and stimulate Stable Diffusion to infer the spatial relationships among the input views
implicitly. To accomplish this, given 1 ~ 6 sparse views from arbitrary camera poses, we
tile them into a 3 x 2 multi-view grid, as illustrated in Fig. 4.3 (c¢). The image in the
first grid cell determines a canonical frame (to be discussed later), while the order of the
other views is inconsequential. When there are fewer than 6 sparse views, we use empty
padding for the remaining grid cells. This composite image then serves as the condition
for Stable Diffusion, which is expected to assimilate all information from the input sparse

views during the diffusion process.

We employ Stable Diffusion 2.1 as our base model. To adapt the original text-
conditioning to our tiled multi-view image condition, we follow (Shi et al., 2023a) to
apply both local and global conditioning strategies. For local conditioning, we use the
reference-only attention mechanism (Zhang, 2023), where we process the reference tiled
image with the denoising UNet model and append the attention keys and values from

this image to corresponding layers in the denoising model for the target images. This
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mechanism facilitates implicit yet effective interactions between the diffusion model and
the sparse views. For global conditioning, we integrate the mean-pooled CLIP embedding
of all input images—modulated by learnable token weights—into the diffusion process,
enhancing the model’s ability to grasp the overarching semantics and structure of the

sparse views.

As depicted in Figs. 4.2 and 4.3, our objective is to concurrently generate grid images
for both NOCS maps of the input views and multi-view images from known camera poses.
To achieve this, we utilize a domain switcher (Long et al., 2024) that enables flexible
toggling between the two domains. The switcher consists of two learnable embeddings,
one for each domain, which are then injected into the UNet of the stable diffusion models

by being added to its time embedding.

4.2.2 Image-to-NOCS Diffusion as a Pose Estimator

Conventional Structure-from-Motion (SfM) solvers, such as COLMAP (Schonberger and
Frahm, 2016), rely on feature matching for pose estimation. However, in scenarios with
sparse views, there may be little to no overlap between input views. The lack of sufficient
visual correspondence cues often renders the solvers unreliable and prone to failure.
Consequently, instead of relying on local correspondences, we leverage the rich semantic

priors embedded in 2D diffusion models for pose estimation.

One of the primary challenges is to enable 2D diffusion models to output camera poses.
While camera poses can be represented in various scalar formats (e.g., 6-dimensional
vector, four-by-four matrix, etc.), they are not native representations for a 2D diffusion
model to generate. Inspired by recent works demonstrating that 2D diffusion models can
be used to predict normal maps (Long et al., 2024)—a domain different from natural
images—we propose using a surrogate representation: the Normalized Object Coordinate
Space (NOCS) (Wang et al., 2019). We finetune Stable Diffusion to predict NOCS maps

for each input view.

As depicted in Fig. 4.3(b), a NOCS frame is determined for each set of input sparse
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view images and the underlying 3D object. Specifically, the 3D shape is normalized
into a unit cube, i.e., z,y,z € [0, 1]. The shape’s upward axis aligns with the dataset’s
inherent upward axis of the 3D object, typically the gravity axis. Predicting the object’s
forward-facing direction may be ambiguous, so we rotate the 3D shape in the NOCS
frame to align its forward direction (zero azimuth) with that of the first input view, thus
unambiguously establishing the NOCS frame. For each input view, we then render a
NOCS map, where each 2D pixel (r,g,b) represents the corresponding 3D point’s position
(z,y,2) in the defined NOCS frame, as shown in Fig. 4.3(c). These NOCS maps align with
the operational domain of 2D diffusion models, similar to the normal maps in previous

work (Long et al., 2024).

To facilitate interactions between NOCS maps from different views and generate more
3D-consistent NOCS maps, we tile all NOCS maps into a 3 x 2 grid image as the input
condition (see Section 4.2.1), following the same tiling order and the empty padding
convention. We finetune Stable Diffusion to generate these multi-view tiled NOCS maps,
so the 2D diffusion model can attend to both the input sparse views and their NOCS

maps during the diffusion process.

After generating the NOCS maps for the input sparse views, we employ a traditional
Perspective-n-Point (PnP) solver (Bradski, 2000) to compute the poses {£€'""} from the
NOCS frame to the camera frames of each input view by minimizing the reprojection

error:

pnp _ ; T i(q, - &) 4.1
£ = arg gig&%);!\pm proj(asj, &)|15, (4.1)

where p; ; represents the 7" pixel’s location in the i*" NOCS map:; q;,; is the corresponding
3D point location in the NOCS frame; m; is the number of pixels for the i*" view, and
proj is the perspective projection operation. Note that the PnP algorithm assumes known
camera intrinsics and optimizes only for the camera extrinsics. A RANSAC scheme is
applied during the PnP computation for outlier removal, enhancing the robustness of the
pose prediction to boundary noises and errors from the 2D diffusion model. As all NOCS

maps share a common NOCS frame, we can thus determine the relative camera poses
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between views ¢ and i’ through &; e

4.2.3 Multi-View Prediction for 3D Reconstruction

We follow the paradigm of recent single-image-to-3D methods (Liu et al., 2024a; Li et al.,
2023a) by initially generating multi-view images and subsequently using a feed-forward 3D
reconstruction module to convert these images into a 3D representation. It is noteworthy
that the input sparse views might not encompass the entire 3D objects, nor provide
adequate information for 3D reconstruction. Therefore, we propose to predict multi-view
images at uniformly distributed camera poses first, and then use these predicted images

for 3D reconstruction.

Unlike traditional novel view synthesis (Liu et al., 2023d), our approach employs a
fixed camera configuration for target multi-views. As depicted in Fig. 4.3, our target
multi-view images consist of six views with alternating 20° and —10° elevations, and
60°-spaced azimuths relative to the first input view. Although the elevation angles are
set absolutely, the azimuth angles are relative to the azimuth of the first input sparse
view to resolve the ambiguity in face-forwarding directions. Furthermore, We maintain
consistent camera intrinsics across target views, independent of input views. These
strategies mitigate challenges in predicting camera intrinsics and elevation during the
3D reconstruction process. Existing methods hindered by this issue may be sensitive
to intrinsic variations and often depend on predicting (Liu et al., 2023b) or requiring

user-specified (Liu et al., 2023e; Tang et al., 2023b, 2024) input image elevations.

Similar to NOCS map prediction, we tile all six views into a 3 x 2 grid image and
finetune Stable Diffusion to generate this tiled image. The 2D diffusion model, conditioned
on the input sparse views, aims to incorporate all information from input views, deduce
the underlying 3D objects, and predict the multi-view images at the predetermined camera
poses. Although the predicted poses of input sparse views (Section 4.2.2) are not directly
employed in the 3D reconstruction, the joint training of NOCS prediction and multi-view

prediction branches implicitly complement each other and boost the performance of both
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tasks.

Upon generating the multi-view images at known camera poses, we utilize the multi-
view to 3D reconstruction module proposed in (Liu et al., 2024a) to lift these images to
3D. The reconstruction module adopts a two-stage coarse-to-fine approach, which involves
initially extracting the 2D features of the generated multi-view images, aggregating them
with the known camera poses, and constructing a 3D cost volume. This 3D cost volume
acts as the condition for the 3D diffusion networks. In the coarse stage, a low-resolution 643
3D occupancy volume is produced. This is subsequently refined to yield a high-resolution
128% SDF (Signed Distance Field) volume with colors. Finally, a textured mesh is derived

from the SDF volume employing the marching cubes algorithm.

4.2.4 Pose Refinement with Reconstructed 3D Model

In Section 4.2.2, we finetune diffusion models for NOCS map prediction and camera pose
estimation. However, due to the hallucinatory and stochastic nature of diffusion models,
unavoidable errors may exist. The generated 3D mesh M, though not perfect, provides a
multi-view consistent and explicit 3D structure. We can further refine the coarse poses

predicted from the NOCS maps by leveraging the reconstructed 3D shape.

Pose Refinement via Differentiable Rendering. Starting with initial poses {£€7""}
extracted from the predicted NOCS maps, we refine them through differentiable rendering
(Laine et al., 2020). Specifically, we render the generated mesh M at optimizing camera
poses &;. We minimize the rendering loss between the rendered image If = R(M,§,;)
and the input image I; to obtain the optimally fitted camera pose £;. The optimization

process can be formulated as:

E;k = arg EZIE%IEI%S) <)\ : Emask(I;na Iz) =+ o Ergb(ﬂ'q? Iz))7 (42)

where Lasc and L, are the cross-entropy and MSE losses computed for the foreground

masks and the RGB values, respectively, and A and p are two weighting coefficients. The
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refinement process is lightweight and can be completed in just one second, given the

generated mesh.

Mixture of Experts (MoE). The NOCS pose predictions are inherently stochastic and
may not produce an accurate pose in a single pass. For instance, with objects possessing
certain symmetries, the diffusion model may predict only one of the possible symmetric
poses. We employ a Mixture of Experts (MoE) strategy to further refine the pose, which
is simple but effective. Specifically, we generate multiple NOCS maps for each input view
using different seeds. We then select the pose that minimizes the rendering loss based on
the refinement results with the generated 3D mesh. This technique effectively reduces

pose estimation error, as quantitatively validated in Section 4.3.3.

4.3 Experiments

4.3.1 Evaluation Settings

Training Datasets and Details. We train our models on a curated subset of 100k
shapes from the Objaverse dataset (Deitke et al., 2023b). Considering the variable quality
of the original Objaverse dataset, we opted to filter out higher-quality data by initially
manually annotating 8,000 3D objects based on overall geometry quality and texture
preferences. Subsequently, we train MLP models for quality rating classification and
texture score regression, utilizing their multimodal features (Liu et al., 2023a). Based on
the predictions of these models, we select shapes that are rated as high-quality and have

top texture scores.

For each 3D shape, we render 10 sets of images using BlenderProc (Denninger et al.,
2019). Each set comprises 6 input images, 6 output multi-view images, and 6 NOCS
maps. To mimic real-world conditions and ensure model robustness, we randomly sample
camera intrinsics and extrinsics, as well as environment maps for the input images. For
the output multi-view images, their intrinsics remain constant, while the extrinsics are

derived from a fixed delta pose and the azimuth of the input images. Each set of input
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Table 4.1: Evaluation Results for Pose Estimation. We compare our method with
RelPose++ (Lin et al., 2023a), FORGE (Jiang et al., 2022), and iFusion (Wu et al., 2023a)
on three unseen datasets: OmniObject3D (Wu et al., 2023c), GSO (Downs et al., 2022),
and ABO (Collins et al., 2022). 500 objects are sampled for each dataset.

Dataset Method Rot. Err] Acc.@15°1 Acc.@30° 1 Trans. Errl Timel
RelPose+-+ 103.24 0.011 0.033 4.84 3.6s
FORGE 111.40 0.004 0.020 4.21 440s
iFusion (ng,;=1) 95.15 0.208 0.258 3.65 64s
GSO iFusion (n,;=4) 8.61 0.651 0.759 0.49 256s
Ours (w/o refine) 13.02 0.537 0.616 0.58 10s
Ours (nipi=1) 9.87 0.563 0.617 0.42 27s
Ours (njni=4) 5.28 0.750 0.787 0.23 57s
RelPose+-+ 105.05 0.008 0.046 7.38 3.6s
FORGE 99.27 0.014 0.063 7.27 440s
iFusion (n,;=1) 91.15 0.166 0.271 4.77 64s
003D  iFusion (nimg=4)  15.08 0.498 0.721 1.12 2568
Ours (w/o refine) 14.75 0.508 0.725 0.90 10s
Ours (njpir=1) 13.40 0.544 0.730 0.89 27s
Ours (nipi=4) 10.07 0.668 0.849 0.63 Y6
RelPose+-+ 103.14 0.017 0.039 5.01 3.6s
FORGE 110.64 0.005 0.023 4.18 440s
iFusion (n,;=1) 96.65 0.186 0.219 3.88 64s
ABO iFusion (ng,;=4) 8.55 0.578 0.631 0.68 2568
Ours (w/o refine) 10.87 0.554 0.597 0.49 10s
Ours (njpi=1) 9.30 0.565 0.600 0.43 27s
Ours (nipi=4) 5.80 0.675 0.701 0.27 Y6

and output images shares the same environment map. During training, we randomly
selected between 1 and 6 views as sparse input views, with the first view of each set

always included. We train the model utilizing 8 A100 GPUs for approximately 3 days.

Baselines. For 3D reconstruction, we compare our method with both state-of-the-
art single-image-to-3D and sparse-view-to-3D baselines. Single-view-to-3D methods we
evaluate include optimization-based approaches, such as Zero123 XL (Deitke et al., 2023a),
SyncDreamer (Liu et al., 2023e), and DreamGaussian (Tang et al., 2023b), as well as feed-
forward methods like One-2-3-45 (Liu et al., 2023b) and Shap-E (Jun and Nichol, 2023).
For sparse-view methods, we consider two recent open-source approaches as baselines:
iFusion (Wu et al., 2023a) and EscherNet (Kong et al., 2024). We utilize ThreeStudio (Guo

et al., 2023)’s implementation for Zero123 XL and the official implementations for the
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Figure 4.4: Qualitative Results on 3D Reconstruction. Zerol23XL (Deitke et al.,

2023a), One2345 (Liu et al., 2023b), and TripoSR (Tochilkin et al., 2024) are single-

image-to-3D methods, each utilizing only the first input image. iFusion (Wu et al.,

2023a), EscherNet (Kong et al., 2024), and our approach take all input images (the first

row). Textured meshes and mesh normal renderings are shown. Shapes come from the
OmniObject3D (Wu et al., 2023¢) and GSO (Downs et al., 2022) datasets.

other baselines. Specifically, for iFusion, we use their official reconstruction pipeline
integrated with Zero123 XL.

For sparse-view pose estimation, we compare our method with state-of-the-art ap-
proaches including RelPose++ (Lin et al., 2023a), FORGE (Jiang et al., 2022), and
iFusion (Wu et al., 2023a). The latter two are optimization-based while (Lin et al., 2023a)

is a feed-forward method.
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Table 4.2: Quantitative Comparison on 3D Reconstruction. Evaluated on the
complete GSO (Downs et al., 2022) dataset, which contains 1,030 3D objects. Five single-
image-to-3D methods (Deitke et al., 2023a; Jun and Nichol, 2023; Liu et al., 2023b,e;
Tang et al., 2023b) and two sparse-view methods (Wu et al., 2023a; Kong et al., 2024)
are compared.

nmput‘ Method F-Score (%)t CLIP-SimT PSNRt LPIPS] Time]
Zero123 XL (Deitke et al., 2023a) 91.6 73.1 18.16  0.136 20min
Shap-E (Jun and Nichol, 2023) 91.8 73.1 18.96 0.140  27s
1 One-2-3-45 (Liu et al., 2023b) 90.4 70.8 19.07  0.133  45s
SyncDreamer (Liu et al., 2023e) 84.8 68.9 16.86  0.145 6min
DreamGaussian (Tang et al., 2023b) 81.0 68.4 17.88  0.147 2min
Ours 95.7 78.2 19.87 0.124 16s
iFusion (Wu et al., 2023a) 88.5 66.7 16.2  0.151 28min
6 EscherNet (Kong et al., 2024) 94.8 65.9 16.6  0.139 9min
Ours 96.9 78.1 19.3 0.123 16s

Evaluation Datasets. For 3D reconstruction, we evaluate the methods on the entire
GSO (Downs et al., 2022) dataset, which comprises 1,030 3D shapes; none of these shapes
were seen during our training. For each 3D shape, we randomly render six views as
input images. For single-image-to-3D methods, a fixed-view image is taken as input
following (Liu et al., 2023b). We carefully align the predictions with the ground truth

meshes before calculating the metrics.

For pose estimation, we evaluate the approaches on three datasets: OmniObject3D (Wu
et al., 2023c) and GSO (Downs et al., 2022), both captured from real scans, and
ABO (Collins et al., 2022), a synthetic dataset created by artists. For each dataset,
we randomly choose 500 objects and render five random sparse views per shape. We
follow iFusion (Wu et al., 2023a) to report the rotation accuracy and the median error in

rotation and translation across all image pairs.

4.3.2 Experiment Results

Pose Prediction. We report the pose estimation results in Table 4.1, where it is evident
that SpaRP outperforms all baseline methods by a significant margin. It is worth noting

that RelPose++ (Lin et al., 2023a) and FORGE (Jiang et al., 2022) struggle to yield
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Figure 4.5: Single-View vs. Sparse-View for 3D Reconstruction. We compare the
results of our method when using single-view and sparse-view inputs.

Table 4.3: Ablation Study on the Number of Input Views. Evaluated on the GSO
dataset (Downs et al., 2022).

n views ‘ Rot. Err] Acc.@5° 71 Trans. Err| ‘ F-Score (%)t CLIP-Simf? PSNR?t

1 - - - 89.1 74.9 17.7
2 8.56 0.32 0.42 93.3 76.5 18.3
4 6.03 0.43 0.28 96.0 77.6 19.0
6 5.28 0.48 0.25 96.9 78.1 19.3

satisfactory results for our open-world evaluation images. iFusion, an optimization-based
approach, is prone to becoming trapped in local minima. With only one initial pose
(ninie = 1), it also fails to produce adequate results. In contrast, our method leverages
priors from 2D diffusion models and can generate acceptable results in a single forward
pass. Even without any additional refinement (w/o refine), our method can already
produce results similar to iFusion with four initial poses (n,; = 4), while being far more
efficient, requiring just 1/25 of the runtime. With the integration of further refinement

through a mixture of experts, our method achieves even better performance.

3D Reconstruction. We present the qualitative results in Fig. 4.4. With only a single-
view input, single-image-to-3D methods fail to produce meshes that faithfully match the
entire structure and details of the ground truth mesh. For instance, most single-view

baseline methods are unable to reconstruct the stems of the artichoke, the back of the
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Figure 4.6: Ablation Study on Pose Refinement. We showcase the input images,
predicted NOCS maps, and converted poses. The ground truth poses are in black, while
the predicted poses before and after refinement are in blue and red, respectively.

firetruck, the red saddle on Yoshi, and the two separate legs of Kirby standing on the
ground. In contrast, sparse-view methods yield results that are much closer to the ground
truth by incorporating information from multiple sparse views. Compared to iFusion,
EscherNet, our method generates meshes with higher-quality geometry and textures
that more accurately match the input sparse views. We report the quantitative results
in Table 4.2, where our method significantly outperforms both single-view-to-3D and
sparse-view approaches in terms of both 2D and 3D metrics. Moreover, our method

exhibits superior efficiency, being much faster than the baseline methods.

4.3.3 Analysis

Single View vs. Sparse Views. In Fig. 4.5, we present the results obtained by our
method when provided with single-view and sparse-view inputs. With a single-view input,
our method can still generate reasonable results, yet it may not accurately capture the
structures and details of the regions that are not visible. Our method demonstrates the

capability to effectively integrate information from all sparse-view inputs provided.

Number of Views. In Table 4.3, we quantitatively showcase the impact of the number of
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Table 4.4: Ablation Study on the Number of Experts for Pose Estimation.
Evaluated on the OmniObject3D (Wu et al., 2023c) and Google Scanned Objects (Downs
et al., 2022) datasets.

Timit ‘ OmniObject3D Google Scanned Objects
experts ‘ Rot. Err | Acc.@15° 1 Trans. Err] ‘ Rot. Err | Acc.@15° 1 Trans. Err]
1 15.23 0.495 1.04 9.83 0.562 0.43
2 12.05 0.585 0.76 6.03 0.687 0.28
4 10.46 0.647 0.68 4.71 0.805 0.21
8 9.46 0.690 0.60 4.34 0.853 0.20

Table 4.5: Effect of Joint Training. Evaluated on 500 objects from GSO (Downs et al.,
2022).

Method ‘ Rot. Errl Acc.@15° 1 Acc.@30°1 Trans. Errl ‘ F-Score (%)t CLIP-Simt PSNRf

Separate 9.87 0.563 0.617 0.42 96.81 78.36 19.03
Joint 8.57 0.601 0.677 0.37 97.12 78.90 19.42

views on both 3D reconstruction and pose estimation. We observe that incorporating more
input views enables the 2D diffusion network to better grasp their spatial relationships

and underlying 3D objects, boosting both tasks.

Pose Refinement. While the predicted NOCS maps can be directly converted into
camera poses, we have found that these poses can be further refined through alignment
with the generated 3D meshes. Fig. 4.6 showcases the predicted poses before and after
refinement. Although both are generally very close to the ground truth poses, refinement

can further reduce the error.

Number of Experts. We employ a mixture-of-experts strategy to address the ambiguity
issues related to NOCS prediction for symmetric objects. As shown in Table 4.4, increasing
the number of experts (n;,:¢) from 1 to 8 led to a significant improvement in the accuracy
of relative pose predictions across both the OmniObject3D (Wu et al., 2023c¢) and
GSO (Downs et al., 2022) datasets. This demonstrates that the MoE strategy is simple

yet effective in improving the robustness of our pose prediction approach.

Joint Training. We finetune 2D diffusion models to jointly predict NOCS maps and

multi-view images from sparse, unposed views by leveraging a domain switcher. As shown
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Figure 4.7: Real-World Examples: The input images are either sourced from ama-
zon.com or captured using an iPhone.

in Table 4.5, this joint training strategy enables the two branches to implicitly interact
and complement each other, enhancing the interpretation of both the input sparse views
and the intrinsic properties of the 3D objects, which in turn improves the performance of

each task.
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4.4 Additional Real-World Examples

In Fig. 4.7, we demonstrate that SpaRP can be applied to real-world sparse-view images
without camera poses. This includes images captured by users with consumer devices
(e.g., with an iPhone) or e-commerce product images (e.g., from amazon.com). SpaRP is

capable of achieving commendable results in both pose estimation and 3D reconstruction.

4.5 Discussion

In this chapter, we present SpaRP (Xu et al., 2024), a novel method for 3D reconstruction
and pose estimation using unposed sparse-view images. Our method leverages rich priors
embedded in 2D diffusion models and exhibits strong open-world generalizability. Without
the need for per-shape optimization, it can deliver high-quality textured meshes, along

with accurate camera poses, in approximately 20 seconds.

SpaRP intrinsically links 3D understanding (inferring spatial relationships and cam-
era poses from sparse views) with 3D generation (reconstructing the complete object),

demonstrating the synergy central to this dissertation’s approach.

While SpaRP successfully operates without known extrinsic poses, it currently assumes
known camera intrinsics. Future work could aim to further enhance robustness and

applicability by relaxing this assumption.

68



CHAPTER 5

Generalizable Part-Level 3D Understanding

The human vision system could swiftly locate the functional part upon using an object
for specific tasks (Land et al., 1999). Such a critical capability in object interaction
requires fine-grained object affordance understanding. Affordance, coined and originally
theorized by Gibson (Gibson and Carmichael, 1966; Gibson, 1979), characterizes how
humans interact with human-made objects and environments. As such, affordance
understanding of objects and scenes has a significant influence on bridging visual perception
and holistic scene understanding (Huang et al., 2018b,a; Chen et al., 2019) with actionable
information (Soatto, 2013; Han et al., 2022).

Object affordances have two main characteristics. First, object affordances are not
defined in terms of conventional categorical labels in computer vision; instead, they
are defined by the associated actions for various tasks and are naturally cross-category.
For example, both chair and sofa can be sat on, which indicates they share the sittable
affordance. Similarly, desktop and bookshelf share the support affordance. Second, object
affordances are intrinsically part-based. We could easily associate sittable affordance with
the seats of chairs and sofas, and support with the boards of desktop and bookshelf.
As such, the ability to learn part-based, cross-category affordance is essential to

demonstrate the general object affordance understanding.

In passive affordance learning, prior literature follows the supervised learning paradigm,
in which dense affordance annotation on the objects is fed as supervised signals (Deng
et al., 2021). However, this line of thought depends heavily on the quality of dense anno-
tation, which significantly deviates from how we humans learn to understand affordance.

PREN14

Humanlike supervision would be: “you can sit on this chair and rest your arm,” “you

69



Trained with per-shape sparse annotations Infer part decomposition and
(affordance label set) corresponding part affordances

N —

—

shape
L ’L .-g

‘\\7””"71””""

framework

Input: 3D shape Output: Discovered 3D parts

framework w/ their affordances
framework

label

framework

Figure 5.1: The proposed PartAfford: discover 3D object part affordances by
learning contrast in affordance compositions. During training (left), given weak
annotations (per-shape affordance label set), a learning framework is devised to ground
affordance (e.g., backrest) to 3D part (e.g., sofa back) through learning cross-category,
affordance-related shapes (e.g., chair, sofa) with various affordance compositions. At
test time (right), the learned model decomposes the 3D object into parts and infers the
part-level affordances.

can open the lid and hold water with the cup.” In this work, we try to answer: How to
distinguish each object part while recognizing corresponding affordances with such weak

and natural supervision?

To tackle this problem, we present PartAfford, a new task of part-level affordance
discovery, which learns the object affordance with the natural supervision of the affordance
set. As shown in Fig. 5.1, by providing only the set of affordance labels for each object,
the algorithm is tasked to decompose the 3D shapes into parts and discover how each part
corresponds to a certain affordance category, which is challenging and under-explored in

the area of generalizable part-level object understanding and affordance learning.

To address this, we propose a novel method that discovers part-level representations
with self-supervised 3D reconstruction, affordance set supervision, and primitive regular-
ization. The proposed approach consists of two main components. The first component is
an encoder with slot attention for unsupervised clustering and abstraction. Specifically,
we encode the 3D object into visual features and abstract the low-level features into a
set of slot variables (Locatello et al., 2020). The second component is a decoder built
upon the learned slot features. It has three output branches that jointly reconstruct the

3D parts and object, predict the affordance labels, and regularize the learned part-level
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shapes with cuboidal primitives. Our method does not rely on dense supervision but
instead learns from the weak set supervision. It discovers the part-level affordance by

learning the correspondence between affordance labels and abstracted 3D object parts.

Learning and evaluating PartAfford demands collections of 3D objects and their
affordance labels for object parts. Prior work on visual affordance learning (Hassanin
et al., 2021) either focuses on 2D objects and scenes or lacks part-based annotation (Deng
et al., 2021). Hence, we construct a part-level, cross-category 3D object affordance dataset
annotated with 24 affordance categories shared among over 25,000 3D objects. The 3D
objects are collected from PartNet dataset (Mo et al., 2019b) and the PartNet-Mobility
dataset (Xiang et al., 2020). The 24 part affordance categories are defined in terms of
adjectives (e.g., “sittable”) or nouns (e.g., “armrest”); they describe how object parts
could afford human daily actions and activities. We annotate the part-level object
affordances by manually mapping the fine-grained object part defined in PartNet to the

part affordances defined in this work.

By experimenting on this newly constructed PartAfford dataset, we empirically demon-
strate that our method jointly enables the abstraction of 3D objects and part-level affor-
dance discovery. Our model also shows strong generalizability on hard and cross-category
objects. Further experiments and ablations analyze each component’s contribution and

point out future directions.
In summary, our work makes four main contributions:

e We present a new PartAfford task for part-level affordance discovery. Compared to
the prior densely-supervised learning paradigm, PartAfford learns the visual object
affordance more naturally.

e We propose a novel learning framework for tackling PartAfford, which jointly abstracts
3D objects into part-level representations and discovers affordances by learning the
affordance correspondence.

e We build the benchmark for learning and evaluating PartAfford by curating a dataset

consisting of 3D objects and annotating part-level affordances.
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e We empirically demonstrate the efficacy and generalization capability of the proposed
method and analyze each component’s significance via a suite of ablation studies. Code

and data will be released for research purposes.

5.1 Related Work

Affordance Learning Affordance learning is a multidisciplinary research field of vision,
cognition, and robotics. In general, “affordance” is first perceived from images (Gupta
et al., 2011; Kjellstrom et al., 2011; Zhu et al., 2015; Myers et al., 2015; Roy and Todorovic,
2016) or videos (Xie et al., 2013; Zhu et al., 2016; Fang et al., 2018; Nagarajan et al., 2020),
followed by cognitive reasoning (Zhu et al., 2015, 2020), and finally serves for task and
motion planning in robotics (Nagarajan and Grauman, 2020; Mo et al., 2022). Prior work
tackles affordance at various scales and representations. Although affordance has been
studied at the scene level (Zhao and Zhu, 2013; Gupta et al., 2015; Roy and Todorovic,
2016), object level (Nguyen et al., 2017; Mo et al., 2021; Gadre et al., 2021), and associated
with generated human poses (Zhu et al., 2015; Wang et al., 2017b), few attempts study
affordance as a 3D shape analysis task (Yu et al., 2015; Liang et al., 2016; Zhu et al.,
2016; Wang et al., 2017a) since it would normally require large-scale, high-quality 3D
data. A recent work (Deng et al., 2021) benchmarks several affordance estimation tasks
on PartNet (Mo et al., 2019b) with dense affordance heatmap supervisions, annotated
by densely selecting keypoints without considering affordance compositionality. Prior
work also tackles affordance learning through interaction-based methods, either from
human demonstration videos (Kjellstrom et al., 2011; Nagarajan et al., 2019, 2020) or
simulation-based active learning (Wang et al., 2022¢; Mo et al., 2021). The first usually
infers high-level and coarse 2D affordance, and the second is often restricted to basic
manipulations in specific domains. In comparison, PartAfford studies affordance in a
weakly supervised manner, such that the affordance discovery will be guided by affordance
set matching and geometry abstraction. The new affordance dataset we construct provides

fine-grained, part-level 3D affordance annotations, tailored for the weak supervision setting
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and affordance compositionality study.

Object-centric Learning Object discovery has been studied in an iterative end-to-end
fashion (Greff et al., 2017; Van Steenkiste et al., 2018; Burgess et al., 2019; Engelcke et al.,
2019; Greff et al., 2019; Du et al., 2021). Recently, Locatello et al. (2020) presents the
slot attention module, an efficient and generic framework for object-centric representation
extraction. It is capable of modeling compositional nature in synthetic scenes with
multiple simple geometry shapes (Kabra et al., 2019). Subsequently, Stelzner et al. (2021)
and Yu et al. (2021b) apply slot attention on unsupervised 3D-aware scene decomposition,
integrating NeRF (Mildenhall et al., 2020) as object representations. They demonstrate
that slot-based bottleneck could perform reasonably on synthetic multi-view RGB datasets
with a textureless background. In the weakly-supervised regime, methods have been
proposed for 3D semantic segmentation with scene-level labels (Wei et al., 2020; Ren
et al., 2021). However, these methods rely on additional input (e.g., color, normal)
and abstract object-level features in different data domains. Our work takes one step
further to tackle the challenge of part-level affordance discovery of 3D objects; part
discovery is more complex than object discovery, primarily due to the ambiguity in
the object part segmentation without applying additional constraints. Fortunately, for
man-made objects, affordances are attached to objects at the part level. This observation
implies the possibility of combining part discovery and affordance learning with minimal
supervision. In this work, we integrate part discovery with affordance estimation, hoping

that affordance information would help discover object parts sharing similar affordances.

Unsupervised Geometric Primitive Modeling Whereas supervised geometric prim-
itive abstraction methods (Mo et al., 2019a; Yang et al., 2020) require dense hierarchical
annotations, unsupervised frameworks using cuboid-based (Tulsiani et al., 2017; Sun
et al., 2019), superquadrics-based (Paschalidou et al., 2019, 2020), or other genus-zero-
shape (Deng et al., 2020; Paschalidou et al., 2021) primitives discover structural information

naturally embedded in the geometry. Recently, Yang and Chen (2021) unsupervisedly
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Figure 5.2: Illustration of the proposed method for Part Afford. Our model contains
two main components: abstraction encoder and affordance decoder. (a) Abstraction
encoder takes a 3D object as input, extracts features with 3D convolutional neural
networks, and abstracts it into several slots. Affordance decoder with three branches
jointly (b) reconstructs the 3D parts, (c) predicts affordance labels, and (d) regularizes
cuboidal primitives. Each predicted cuboid in (d) wraps around the corresponding
predicted object part in (b) tightly.

learn the cuboid-based shape abstraction with shape co-segmentation. Yet, it relies
heavily on the ground-truth point normals for accurate abstraction and lacks semantic
representation for object understanding. In our affordance discovery framework, we
leverage the cuboidal regularization to refine the reconstructed affordance part, which
distinguishes densely connected 3D parts by providing geometric prior, thus improving

the affordance part discovery.

5.2 Task Definition

We formulate the new task PartAfford as discovering the part-level object affordance
with the affordance set supervision. We define K = 24 common affordance categories
S = {sp}£ |, such as “sittable” and “openable,” for object understanding. Input is given
as a collection of N objects {0;}¥, and their corresponding affordance set labels {A;},,

where A; = {a }f:l. al € S, and J; represents the number of distinct assigned affordances
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for each object i. PartAfford requires an algorithm to decompose each object into parts
and discover the affordance corresponding to each object part. Fig. 5.1 illustrates the

PartAfford task.

5.3 Method: PartAfford

We propose a novel framework for affordance discovery from 3D objects. It integrates
unsupervised part discovery with affordance set prediction and geometric primitive
abstraction; see Fig. 5.2. Given a 3D shape represented by voxel grids V of resolution
323, our method first encodes the 3D shape into visual features and abstracts it into M
slots; each slot represents an abstracted high-level feature for downstream tasks. Next,
we utilize a decoder with three branches to jointly (i) decode the features into parts, (ii)
predict the affordance label, and (iii) regularize the parts with cuboidal primitives. Below,

we describe in detail how each module is constructed and the loss design.

5.3.1 Abstraction Encoder

The encoder takes a 3D shape as input and abstracts part-centric latent codes in an
unsupervised manner. It consists of a feature extraction module and a 3D slot attention

module; see Fig. 5.2a.

Feature Extraction The feature embedding backbone encodes the input voxels and
generates a D = 64 dimensional feature for each voxel. Following (Mescheder et al., 2019),
voxels are encoded by five layers of 3D convolutional neural networks. The embedded

feature is then augmented with absolute positional embedding (Locatello et al., 2020).

3D Slot Attention The 3D slot attention architecture, adapted from Locatello et al.
(2020), serves as the part-centric representational bottleneck between the 3D feature
embedding network and the downstream decoders. The encoded feature of a 3D shape is

fed into an iterative attention module, where M randomly initialized slots are updated
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for T = 3 iterations through a GRU (Cho et al., 2014). During each iteration, the
attention coefficients are calculated by applying softmax normalization over the slots on
the dot-product similarity between queries (i.e., linearly-mapped 3D slot features) and
keys (i.e., linearly-mapped input features). The attention coefficients are then applied as
weights for aggregating the values (i.e., linearly-mapped input feature) and updating the

slots.

Since the inputs-to-slots attention assignment is normalized over the 3D slots, those
slots compete to attend to a clustering of the input 3D shape. Such clusterings are similar
to human-defined parts on common objects. 3D slot attention masks naturally segment
the object through iterations. An example of the learned 3D attention masks is shown

in Fig. 5.2a.

5.3.2 Affordance Decoder

Shown in Fig. 5.2b-d, the affordance decoder takes part-centric slot features as input,
followed by three branches for 3D part reconstruction, affordance prediction, and primitive

regularization. The decoder parameter is shared across slots.

3D Part Reconstruction We design a 3-layer 3D transposed convolutional decoder
followed by a single MLP layer to reconstruct voxel values V™ and a voxel mask for each
slot. The mask is normalized across slots with softmax, which generates a normalized mask
A € R32x32x32_ Tt ig then used to compute the weighted sum of voxel values across slots
and combine the reconstructed parts {V™}M_ into a full 3D shape V : V = S M Ampm,
The 3D part reconstruction branch is self-supervised by the reconstruction loss between
original voxels ¥V and reconstructed voxels )>; we use the binary cross-entropy (BCE):

Erecon = BCE<V7 ]})

Affordance Prediction We predict a one-hot affordance label for each slot with a

two-layer MLP with sharing weights across slots for classification.
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The affordance prediction branch is weakly-supervised as we do not provide affordance
labels for each voxel. Instead, only the affordance label set for the entire object is used as
the supervision signal. The model is tasked to learn the alignment between the abstracted

parts and the affordance labels from set supervision.

As defined in Section 5.2, the ground-truth set of affordance labels for an input 3D
object is denoted as A. We denote A as the set of slot affordance predictions. A, is a
permutation of elements in /l, where 0 € & and & represent all M! possible permutations.
L maten 18 the pairwise matching cost between two sets, which can be calculated by mean

square error (MSE) or cross-entropy:

~

Lpred == Inelg Ematch<~’47 Aa)- (51)

Due to the order-invariant nature of slot modules, we apply the Hungarian matching
algorithm (Kuhn, 1955), with Huber loss as the pair-wise matching cost, to calculate the
set-based (Carion et al., 2020) affordance prediction loss in Eq. (5.1).

Cuboidal Primitive Regularization As a generalized soft k-means algorithm, the
slot attention mechanism heavily relies on visual cues, such as the clustering of pixel colors
on the image. As such, it cannot perform precisely in a crowded scene with overlapping
objects even on a toy image dataset (Locatello et al., 2020). In the 3D voxel regime,
segmenting objects into parts is challenging since every voxel is connected to neighboring

voxels without distinguishable visual appearances.

Therefore, we introduce the cuboidal primitive regularization module, providing a
geometric prior for segmentation: Human-made objects usually have geometric regularity,

and cuboid is a concise structural representation for abstraction.

From each slot embedding, the cuboid abstraction module predicts a cuboid parametrized
by two vectors (Yang and Chen, 2021): a scale vector s € R® and a quaternion vector
r € R* for 3D rotation. Of note, we calculate the cuboid center from the weighted mean

of voxel positions in the slot.
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To evaluate how the predicted cuboid fits the reconstructed part in the m-th slot, we
first compute the Euclidean distance d;" from each voxel p!" to its closest cuboid face.
Next, we calculate the weighted sum distance for all voxels, where the weight v* € Vs
the reconstructed voxel value within [0, 1]. Additionally, we designed a binary surface
mask f(i) that masks out internal voxels in the loss. We also regularize the cuboid loss
by adding a cuboid scale penalty term, ¢.e., L1 norm for the scale vector. Thus, the loss
encourages a cuboid to wrap around a solid object part tightly. The regularization loss

for all the slots is defined as:

Ecuboid = Z )\scachSmHl + Z f(l>vzmd;n . (52)

m

Total Loss Taking together, the total training loss is the sum of 3D reconstruction loss,

affordance prediction loss, and primitive regularization loss:

'Ctotal = )\reconﬁrecon + Apredﬁpred + )\cuboidﬁcuboida (53)

where Arecon; Acuboid, and Apreq are balancing coefficients.

Of note, with the current architecture design, for the first time, we demonstrate the
capability of part-level affordance discovery from set labels. The exploration of more

complex and practical modules is left for future work.

5.4 Part Affordance Dataset

To benchmark PartAfford and facilitate the research in affordance understanding, we
construct a part-level 3D object affordance dataset. We focus on 24 cross-category, fine-
grained affordance labels as shown in Fig. 5.3. The dataset is annotated with over 25,000
3D CAD models from the PartNet dataset (Mo et al., 2019b) and 625 articulated objects
among 9 categories from the PartNet-Mobility dataset in SAPIEN (Xiang et al., 2020).

Below, we describe how to define part affordances and generate affordance annotation.
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Figure 5.3: Part affordance dataset. (a) Description for the “openable” affordance to
construct the mapping. (b) Given the part hierarchy of a door from PartNet (Mo et al.,
2019b), we annotate its affordance labels by manual mapping and inspection. (c¢) Given a
dishwasher from PartNet-Mobility (SAPIEN) (Xiang et al., 2020) and its kinematics, we
rotate the door frame to include 3D objects with different articulation states. (d) Some
exemplar 3D object models with color-coded affordance visualization.

Part affordances in our dataset are defined in terms of adjectives (e.g., sittable) or
nouns (e.g., armrest), which describe how object parts could afford human daily actions
and activities. We adopt certain common affordance categories from a comprehensive
survey of visual affordance (Hassanin et al., 2021), e.g., containment, sittable, support,
openable, rollable, display, and wrapgrasp. However, they are coarse-grained—either at the
object level or scene level. For example, “openable” only indicates whether an object can

be opened, not on which object part can afford the object to be opened.

To pursue a fine-grained understanding of object affordance, we manually construct
a one-to-multiple mapping from 479 kinds of object part labels defined at the finest
granularity in (Mo et al., 2019b) to 24 potential affordance labels, given the detailed
affordance description. We provide expert-defined descriptions for 24 affordances to

guarantee the quality and consistency of the mapping construction. An example is shown

in Fig. 5.3a.

Given the part hierarchy of a 3D object, we can get the corresponding affordance
annotation by mapping. We also perform a manual inspection to correct the affordance
labels, especially for some fine-grained parts, according to their specific geometry and

physics properties. For instance, different door handles will be mapped to different
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Figure 5.4: Qualitative results on three curated subsets: “openable” (a-b), “support”
(c-e), and “sittable” (f-h).

affordance labels (twistable, lever, etc.) according to how they should be operated
(Fig. 5.3Db).

The PartNet dataset does not contain articulation information, making affordances
such as openable not geometrically distinguishable. Therefore, we generate a set of shapes
with openable affordance from the PartNet-Mobility dataset by capturing 3D shapes with
various opening angles (Fig. 5.3c).

As can be seen from Fig. 5.3d, each affordance type—due to its cross-category nature—
may be found on various object part instances. For example, openable is usually afforded
by rotatable doors for unobstructed access. Under such criteria, the door frame of a

dishwasher and the surface board of a door are both mapped to openable.

5.5 Experiments

In this section, we design and conduct comprehensive experiments to evaluate the pro-
posed method. Fig. 5.4 visualizes our main results. We present both quantitative and
qualitative comparisons of baseline models and other variants. We also evaluate the model
generalization on novel shapes, analyze failure cases, and propose potential improvement

directions.
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5.5.1 Experimental Settings

Benchmarks To benchmark PartAfford, we curate different subsets of samples from our
constructed dataset. Specifically, we study the subsets related to the most representative
affordance categories “sittable,” “support,” and “openable” separately, where the subsets
are created by collecting all cross-category objects that have the corresponding affordance
label in our dataset. They contain 7 kinds of affordances from 8 object categories, covering
17,842/25 K ~ 71% instances. For each subset, we learn to distinguish all the affordance
labels appear in the 3D objects. Note that although a part can have multiple affordances
as mentioned in Section 5.4, we only keep the most prioritized affordance for each part to

ease the ambiguities in learning.

Evaluation Metrics In PartAfford, we evaluate the performances of part discovery

(clustering similarity), 3D reconstruction, and affordance prediction.

e Part Discovery: We use the Intersection over Union (IoU) to evaluate the part similarity.
Specifically, we employ Hungarian matching to find the best matches between the
reconstructed parts and ground truth parts using voxel IoU as the matching score.
Then we compute the mean IoU (mloU) by averaging the IoU between best matches.

e 3D Reconstruction: We evaluate the shape reconstruction quality by Mean Squared
Error (MSE).

e Affordance Prediction: Following Locatello et al. (2020), we use Average Precision (AP)
to evaluate the prediction accuracy. A correct prediction means an exact match of the

affordance label set.

Baselines and Ablations Since we are the first to propose and formulate PartAfford,
we have no previous work to make direct comparisons. Therefore, we compare our method

with two designed baseline models and three variants:

e Slot MLP: a simple MLP-based baseline where we replace Slot Attention with an MLP

that maps from the learned feature maps (resized and flattened) to the (now ordered)
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(b) Comparisons between the models without
and with affordance prediction branch. The
affordance prediction facilitates the abstraction
of 3D shape (rows 1-2) and elimination of spare
slots (rows 3-4).

(c) Comparisons between the models with-
out and with cuboidal primitive regularization
branch. The cuboidal primitive regularization
helps to guide and improve the segmentation.

Figure 5.5: Qualitative comparison results.

slot representation.

e IODINE: a baseline where we replace the Slot Attention with an object-centric learning
method IODINE (Greff et al., 2019) to abstract and cluster the encoded feature.

e Ours w/o Afford & Cuboid: our model variant that only keeps the 3D part reconstruction
branch.

e Ours w/o Afford: our model variant without the affordance prediction branch.

e Ours w/o Cuboid: our model variant that discards the cuboidal primitive regularization

branch.

e Qurs Full: our full model with all branches.
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5.5.2 Implementation Details

Learning Strategy To stabilize the training, we split the training into two stages. In
the first stage, we train the decoder only with 3D part reconstruction and affordance
prediction branches. In the second stage, the cuboidal primitive regularization branch is

incorporated into joint training with a lower learning rate.

Hyperparameter We set learning rate as 4 x 10~% for the first stage, 2 x 10~ for the
second stage, and apply the Adam optimizer (Kingma and Ba, 2014) for optimization. It
takes 5 + 9 hours on 4 RTX A6000 GPUs for two-stage full-model training of “sittable”-
related objects. For slot attention, we empirically set the number of GRU iterations T' = 3.
We set the number of slots to the maximal number of affordance labels that appear in
each training subset. For example, we learn the “sittable” with 4 slots, “support” with 2
slots, and “openable” with 3 slots. Section 5.6 further discusses choices of the number of

slots. For the joint loss weight, we set Arecon = 1.0, Aprea = 0.5, Acuboia = 0.1.

5.5.3 Results and Analysis

Tables 5.1 and 5.2 tabulate the quantitative performances of all the models under different
settings. Fig. 5.4 qualitatively shows the capability of our method and Fig. 5.5 compares

different models. Below, we summarize some key findings:

1. The proposed method achieves the best overall performance on the PartAfford task,
especially in the part discovery (mean IoU) where it outperforms the baselines by a
large margin. This demonstrates the outstanding abstraction capability of our approach
given the weak supervision. From Fig. 5.4, we can see our method can discover the
detailed part-level representation with their aligned affordances for the 3D objects.

2. The most challenging part of PartAfford lies in the part discovery; it is also where
our model differentiates from other baselines. For example, Table 5.1 shows that Slot
MLP achieves the best affordance prediction performance (AP) but fails in the part

discovery (mean IoU) and 3D reconstruction (MSE). As also shown in Fig. 5.5a, the
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Table 5.1: Quantitative results on “sittable.” We evaluate the mean IoU (mloU),
mean squared error (MSE), and average precision (AP) on included objects.

Model mloU (%) 1 | MSE | | AP (%)t
Slot MLP 21.5 0.0150 94.5
IODINE 49.2 0.0102 92.5
Ours w/o Afford & Cuboid 31.5 0.0112 N/A
Ours w/o Afford 39.4 0.0100 N/A
Ours w/o Cuboid 55.3 0.0102 92.7
Ours (full) 57.3 0.0097 92.9

Slot MLP cannot segment the object input to parts due to the lack of abstraction
capability.

3. Affordance prediction branch significantly escalates the part discovery performance
since it helps to learn part-affordance correspondence from the affordance composition,
which provides contrasts to distinguish different parts among the training objects. Our
qualitative results also show that the affordance prediction facilitates the abstraction
of 3D shape (e.g., rows 1-2 of Fig. 5.5b) and elimination of spare slots (e.g., rows 3-4
of Fig. 5.5b);

4. Cuboidal primitive regularization branch also boosts the part discovery, especially
when affordance prediction is unavailable. This demonstrates that geometric priors
play a crucial role in segmentation when data are not diverse enough. From Fig. 5.5¢,
we can see the cuboidal primitive regularization helps to segment better primitives

and avoid scattered voxels.

5.5.4 Model Generalization

With the cross-category nature of affordance, we qualitatively test how the learned
model can be generalized to novel objects and unseen categories. We conduct model
generalization experiments by testing hard examples or objects from other categories.
Examples from Fig. 5.6 demonstrate the learned model could be generalized to objects
with diverse shapes. We show the results of testing the learned model on a novel object

shape (bean bag) (a) from Fu et al. (2021) and unseen categories (b-d). For example, (b)
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Table 5.2: Quantitative results on “support”, “openable”, “display”, and
“cutting.”

Model mloU (%) t | MSE | | AP (%) 1

Slot MLP 36.8 0.0099 91.6

support Ours w/o Afford 34.8 0.0092 N/A
Ours w/o Cuboid 51.3 0.0087 95.2

Ours (full) 52.7 0.0085 95.1

Slot MLP 21.0 0.0130 70.8

openable Ours w/o Afford 19.9 0.0104 N/A
Ours w/o Cuboid 46.7 0.0097 55.8

Ours (full) 47.6 0.0093 60.4

Slot MLP 17.2 0.0163 97.2

display Ours w/o Afford & Cuboid 14.8 0.0146 N/A
Ours w/o Cuboid 47.0 0.0140 80.6

Ours (full) 47.6 | 0.0135 | 82,0

Slot MLP 21.6 0.0030 97.7

cutting Ours w/o Afford & Cuboid 27.8 0.0028 N/A
Ours w/o Cuboid 28.1 0.0027 96.9

Ours (full) 29.8 0.0026 | 97.7

shows the result of learning with “support” and testing on an “openable” object (i.e.,
a microwave). Despite the imperfect reconstructions, partly due to the reconstruction
bottleneck’s impact on disentanglement quality (Engelcke et al., 2020), the learned model

can identify the functional parts given novel objects.

5.5.5 Failure Cases

We show some failure cases of our method in Fig. 5.7. For “sittable” and “support,” the
failures are commonly caused by (i) the difficulties in reconstructing the fine-grained details
of 3D objects with novel shapes; (ii) certain parts that violate the cuboid assumption,

and thus hurt other components.

b}

For objects in “openable” category, our model cannot discover and reconstruct “handle,
as shown in Fig. 5.4. This is because the objects with related affordances come from
various object categories with diverse shapes, making it challenging for the model to
capture such complex mixtures of distributions and reconstruct fine-grained 3D shapes,

especially tiny parts. This points out future directions to better understand object parts
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Figure 5.8: Example affordance discovery model trained with 7" = 3 attention iterations.
Attention is visualized in various colors and point radius. The point is colored according
to the predicted affordance label of the slot which attends the most to the point. Point
radius positively depends on the maximal attention value across the slots. We use trilinear
upsampling to rescale the attention mask to the input resolution (32 x 32 x 32).

(e.g., segment, reconstruct), and potentially an interactive learning framework to learn

beyond geometry and appearance.

5.6 Further Analysis

Attention Visualization Following the settings in Locatello et al. (2020), we train
the models using T' = 3 attention iterations in the slot attention module. In Fig. 5.8, we
observe that each slot gradually attends to the correct part of the object as the number

of attention iterations increases. The attention mask at ¢ = 3 depicts the silhouette of
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Figure 5.9: Model performance when the number of slots increases. The model learns the
“sittable” part in a “null” slot.

the reconstructed shape and parts.

Number of Slots We set the number of slots as the maximal number of affordance
labels that appear in one subset, which is different from previous object-centric learning
algorithm (Locatello et al., 2020), where the number of slots could be arbitrary. This
is because when we increase the number of slots, we also increase the ambiguities of
the affordance composition and set matching at the same time. It prevents the model
from learning accurate correspondence between affordance labels and parts. As shown

in Fig. 5.9, the model learns the “sittable” in a “null” slot.

Selection of Studied Affordances Although we annotate objects with 24 affordance
categories, we benchmark PartAfford only on three subsets with 7 kinds of affordances
in this work. The main reason is that we find it much more challenging to discover
part-level affordance for some other affordance categories. For example, “rollable” and
“cutting” usually connect to tiny object parts that are challenging to be segmented from
objects, “illumination” and “display” cannot be distinguished from the objects without a
deeper understanding of the visual appearance and reflections, “pressable” and “pinchable”
require richer interactions to be discovered. In summary, it is either especially challenging
to segment or requires more than geometric information (e.g., active interactions) to
discover the other affordance categories. We believe that future solutions to our task
could involve those interaction cues to take the best of both worlds, further improving the

performance and extending the scope. Our solution could also provide an intuitive prior

for active learning methods, which could boost learning efficiency compared to learning
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from scratch. We hope to further explore the learning of these affordances in the future.

Ambiguities in Affordance Learning Affordance is naturally ambiguous since the
functions of object parts are rich. This work provides a well-defined benchmark to study
how to learn affordance from accurate affordance definition and sparse set supervision.
In another work, (Deng et al., 2021) models the multiple affordances with a mixture
of distributions. Our dataset has supported learning multiple affordances per part; we
annotate a single part with multiple affordances (see details in Section 5.4). Yet, as the
first step towards affordance discovery, our current method focuses on learning the most
important affordance. We believe our current learning framework could also be extended
to learn multiple affordances by switching the one-hot affordance label to multi-hot labels.
We also suggest further fine-tuning the multi-hot affordance prediction based on the
one-hot version, since the affordance prediction of single-hot labels appears significant to

guide the slot competition from our ablation study.

Potential Impacts for Vision & Robotics Community By learning to discover
the part-level affordance, our model could facilitate the understanding of human-object
interaction and object manipulation. The learned affordance could be applied to synthesize
potential human actions and interactions with various 3D objects. Additionally, our work
could provide priors for robotic cross-category object manipulation and task planning
(Toussaint et al., 2019; Garrett et al., 2020, 2021). For example, (Hadjivelichkov et al.,
2022) demonstrates a single reference image of an object with annotated affordance regions
can help the robot to use the affordance skill in the real-world setting, where our method
can provide generalizable affordance information on the 3D shapes without the need for

manual annotation.
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5.7 Discussion

In this chapter, we present PartAfford, a new task in visual affordance research that
aims at discovering part-level affordances from 3D shapes. We propose a novel learning
framework that discovers part-level affordances by leveraging only the affordance set
supervision and geometric primitive regularization. With comprehensive experiments
and analyses, we point out potential directions for incorporating visual appearance to
facilitate better shape abstraction and combining it with an active learning approach for

efficient affordance learning.

5.8 Related Project

The PartAfford pipeline (Xu et al., 2022), detailed in this chapter, focuses on 3D part af-
fordance discovery. Following a similar category-agnostic principle, the related GAPartNet
project shifts the focus to supervised learning of articulated part actionability. Grounded
in the idea that robots can manipulate geometrically similar parts in similar ways across
different objects, this work specifically targets understanding and interacting with movable

parts like handles and knobs. A brief overview of GAPartNet is provided below.

5.8.1 GAPartNet

We propose to learn such cross-category skills via Generalizable and Actionable Parts
(GAParts). By identifying and defining 9 GAPart classes (lids, handles, etc.) in 27
object categories, we construct a large-scale part-centric interactive dataset, GAPartNet,
where we provide rich, part-level annotations (semantics, poses) for 8,489 part instances
on 1,166 objects. Based on GAPartNet, we investigate three cross-category tasks: part
segmentation, part pose estimation, and part-based object manipulation. Given the
significant domain gaps between seen and unseen object categories, we propose a robust
3D segmentation method from the perspective of domain generalization by integrating

adversarial learning techniques. Our method outperforms all existing methods by a large
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Figure 5.10: We propose to learn generalizable object perception and manipulation skills
via Generalizable and Actionable Parts, and present GAPartNet, a large-scale interactive
dataset with rich part annotations. We propose a domain generalization method for
cross-category part segmentation and pose estimation. Our GAPart definition boosts
cross-category object manipulation and can transfer to real.

margin, no matter on seen or unseen categories. Furthermore, with part segmentation
and pose estimation results, we leverage the GAPart pose definition to design part-based
manipulation heuristics that can generalize well to unseen object categories in both the

simulator and the real world.

The overview of the system can be found in Fig. 5.10. For more details, please refer

to (Geng et al., 2023).
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CHAPTER 6

Conclusion

In this dissertation, we have explored methodologies to advance the generalization ca-
pabilities of 3D vision models for both generation and understanding, extending their
applicability well beyond the limited object categories. We pioneered an evolving series
of open-world 3D generation models, marrying large-scale 2D generative priors with 3D
reconstruction techniques, thereby combating the challenges of 3D data scarcity and
difficult input conditions like sparsity or unknown pose. Concurrently, we studied how to
computationally identify functional similarities encoded in local geometry across diverse,

category-agnostic object parts.

To recapitulate, a primary thrust involved bridging 2D potential with 3D challenges.
We began with One-2-3-45, which established an efficient feed-forward paradigm generating
3D meshes from single images using 2D pretrained priors, serving as a crucial, rapid bridge
between the 2D and 3D vision communities. This connection illuminated the symbiotic
relationship between domains, demonstrating how 3D models extend 2D generative
capabilities while 2D generalization techniques unlock new possibilities for 3D tasks,
inspiring considerable subsequent work exploring this synergy. Building on this, One-2-3-
45++ tackled the critical bottleneck of multi-view inconsistency by integrating joint view
synthesis with robust multi-view conditioned 3D diffusion models, markedly enhancing
the fidelity and quality achievable from a single image. We further pushed generalization
by developing SpaRP, which uniquely addresses the joint task of shape reconstruction and
pose estimation from sparse, unposed views—inherently linking geometric understanding
with shape generation—demonstrating robust performance even with ambiguous real-world

inputs. Complementing these generative advancements, PartAfford explored part-level
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functional 3D understanding, introducing techniques to discover cross-category part

affordances from geometry with weak supervision.

The influence of these efforts extends beyond the immediate vision and robotics research
communities. Witnessing the broad adoption and interest these ideas have sparked—
ranging from individual 3D hobbyists, game developers, and animation studios, and
even finding applications in wildlife conservation—has been profoundly encouraging and
highlights the tangible impact of pursuing generalizable 3D intelligence and digital twin
creation. This journey, intertwining generative capabilities with functional understanding,

charts a promising path toward more perceptive and interactive Al systems.

Looking ahead, our goal is to build faithful computational models of the physical world.
Creating 3D assets that look visually plausible is merely a starting point. Compared
with hand-crafted meshes, we still lack high-quality topology, editable structure, riggable
articulation, and physically correct materials. Real-world objects push us further: interiors,
functional parts, intricate joints, soft bodies, and countless other physical properties
remain hard to capture. Our inability to model them exposes gaps in true understanding,
aggravated by data scarcity in these niche yet vital domains. It is hoped that the
explorations in this dissertation lay a cornerstone for scaling simulation and embodied
Al research; overcoming the challenges above will be key milestones on the path toward

physically grounded artificial general intelligence.
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