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Abstract

Neural fields have emerged as a groundbreaking approach to representing 3D
shapes, garnering significant attention due to their compatibility with modern
deep-learning techniques. Neural fields, which parameterize physical properties of
scenes or objects across space and time, have achieved remarkable success in tasks
such as 3D shape and image synthesis, animation, 3D reconstruction, and pose
estimation. However, these promising results are predominantly achieved by over-
fitting on individual scenes or objects. That is, the research on generalizable neural
fields has been largely overlooked. This limitation hinders neural fields’ potential
applications in downstream tasks, e.g., single-view 3D reconstruction, 3D object
generation, and editing. To address this issue, this thesis advances generalizable
neural field methods, including generalizable neural field algorithms, which im-
prove training methodologies, and generalizable neural field representations, which
propose novel 3D representations for specific applications. These methods demon-
strate significant potential for developing solutions that are effective, robust, and

practical.

For generalizable neural field algorithms, correspondence-level generalization is first
explored. Unlike explicit shape representations, e.g., meshes, it remains an open
problem to establish dense correspondences across Neural Radiance Fields (NeRFs)
of the same category. This problem is particularly challenging due to the implicit
nature of NeRFs and the lack of ground-truth correspondence annotations. This
thesis shows that these challenges can be addressed by leveraging the rich semantics
and structural priors encapsulated in pre-trained NeRF-based GANs. Specifically,
three key innovations are introduced: 1) a dual deformation field guided by latent
codes as global structural indicators, 2) a learning objective that uses generator fea-
tures as geometry-aware local descriptors, and 3) a method for generating infinite
object-specific NeRF samples. Experiments demonstrate that these innovations
enable accurate, smooth, and robust 3D dense correspondences, facilitating down-

stream applications such as texture transfer.

xi
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To bridge the gap to real-world scenarios, this thesis further explores object-level
generalization for neural fields. Specifically, this thesis proposes E3DGE, a frame-
work addressing the challenge of 3D GAN inversion—predicting a latent code from
a single 2D image to faithfully recover 3D shapes and textures. The inherent ill-
posed nature of the problem, coupled with the limited capacity of global latent
codes, presents significant challenges. To overcome these challenges, this thesis
introduces an efficient self-training scheme that does not rely on real-world 2D-3D
pairs but instead utilizes proxy samples generated from a 3D GAN. Addition-
ally, the proposed approach enhances the generation network with a local branch
that incorporates pixel-aligned features to accurately reconstruct texture details.
Furthermore, a novel pipeline for 3D view-consistent editing is introduced. The ef-
ficacy of the proposed method is validated on two representative 3D GANs, namely
StyleSDF and EG3D. Extensive experiments demonstrate that the proposed ap-
proach consistently outperforms state-of-the-art inversion methods, delivering su-

perior quality in both shape and texture reconstruction.

For generalizable neural field representations, this thesis first investigates neural
field representations for generalizable 3D avatar heads. A novel framework is pre-
sented for generating photorealistic 3D human heads and subsequently manipulat-
ing and reposing them with remarkable flexibility. The proposed approach con-
structs an implicit representation of 3D human heads, anchored on a parametric
face model. To enhance representational capabilities and encode spatial informa-
tion, the semantically consistent head region is represented by a local tri-plane
modulated by a 3D Gaussian. Additionally, these tri-planes are further parameter-
ized in a 2D UV space via a 3SDMM, enabling effective utilization of the diffusion
model for 3D head avatar generation. The proposed method facilitates the cre-
ation of diverse and realistic 3D human heads with flexible global and fine-grained
region-based editing over facial structures, appearance, and expressions. Extensive

experiments demonstrate the effectiveness of the proposed method.

Finally, this thesis focuses on designing neural field representations for general 3D
objects and unifying the 3D diffusion pipeline within the latent diffusion paradigm.
Specifically, a novel framework called LN3DIFF is proposed to enable fast, high-
quality, and generic conditional 3D generation. The proposed method employs
a 3D-aware architecture and variational autoencoder (VAE) to encode the input

image into a structured, compact, 3D latent space. The latent is decoded by a
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transformer-based decoder into a high-capacity 3D neural field. By training a dif-
fusion model on this 3D-aware latent space, the proposed method achieves state-of-
the-art performance on ShapeNet for 3D generation. It also demonstrates superior
performance in monocular 3D reconstruction and conditional 3D generation across
various datasets. Moreover, it surpasses existing 3D diffusion methods in inference
speed, requiring no per-instance optimization. The proposed LN3DIFF represents
a significant advancement in 3D generative modeling and holds promise for diverse

applications in 3D vision and graphics tasks.
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Chapter 1

Introduction

Novel view synthesis has received significant attention over the past decades and
has many practical applications in computer vision and the graphics community.
The objective of novel view synthesis is to recover the underlying 3D scene given
2D observations to enable free viewpoint scene rendering. However, with only
partial 2D observations available, the inevitable color-shape ambiguity inherent in
this formulation makes itself an ill-posed problem, and the ill-posedness of this

problem increases with the decrease of visible views.

Researchers have proposed numerous methods to tackle this task. With the rise
of deep learning, researchers propose to combine neural networks with 3D repre-
sentations from the graphics domain. These attempts have led to recent success of
neural fields [9], which has shown remarkable progress in 3D modeling [10], view
synthesis [2], and 3D content generation [11]. Unlike explicit 3D representations,
e.g., mesh, neural fields represent each 3D object as a continuous parametric func-
tion. By approximating the parametric function with modern neural networks,
neural fields have shown great potential in capturing geometric scene details, ren-
dering realistic novel views, and bridging the field of vision and graphics, namely

neural rendering [12].

However, the original neural fields [2, 13-15] overfit to a single scene to achieve high-
quality novel view synthesis. Though achieving perfect photorealism, the neural
fields learned in this way cannot be applied to novel scenes, i.e., a lack of generality.
This deficiency greatly hinders neural fields” applications over downstream 3D edit-

ing tasks [16], monocular 3D reconstruction [7], avatar generation [17] and scaling

1



2 Chapter 1. Introduction

the learned models to category-free 3D dataset [18]. Going beyond photorealistic
reconstruction, recent works have started to delve into the exploration of gener-
alizable neural fields through image-based rendering [3, 19] or distilling 2D model
priors [20]. However, these methods are trained with discriminative objectives and
yield blurry results when few observations are available [20]. The limitations of
the existing works motivate this thesis to conduct studies over better generalizable

neural fields to facilitate the downstream applications mentioned above.

With the rapid development of AIGC, 3D generative models such as 3D GANs
(Generative Adversarial Networks) [1, 8, 21, 22] and 3D diffusion models [23] pro-
pose a new paradigm of learning generalizable models from large-scale data.

Motivated by the widespread success of generative models, this thesis focuses more
on expanding the generality of neural fields from the generative model perspective,
where either the pre-trained 3D generative models are used as priors [7, 16] for
generalizable neural fields learning, or the novel 3D generative models are carefully
developed from scratch [17, 24].  Specifically, this thesis will present its findings
from two perspectives: generalizable neural field algorithms from generative priors
and generalizable neural field representations for 3D generation to advance this
field, both leveraging the techniques of generative models. By learning a (varia-
tional) autodecoder, generalizable neural fields can be achieved by learning a 3D
generative model on the latent space. Due to the complexity of the 3D world,
this thesis focuses on object-level generalization, such as 3D head and general 3D

objects.

Recent advancements have highlighted the immense potential of neural field algo-
rithms across various applications. Beyond creating 3D assets for movie CG and
digital games, these techniques now extend into emerging areas such as embodied
AI, VR/AR, and digital humans. Moreover, these techniques facilitate applica-
tions in cutting-edge fields like autonomous driving scene simulation, visual effects
(VFX) for films, and the metaverse virtual world. In these scenarios, neural fields
and their corresponding neural rendering techniques are crucial for assisting 3D
artists in creating high-quality 3D assets with greater ease. We believe that with
more generalizable designs, neural fields will experience even broader adoption

across various domains in the future.
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1.1 Challenges and Motivations

Modeling the dense 3D correspondences across 3D assets has been a consistent focus
in computer graphics and vision. While producing impressive results in traditional
3D representations, e.g., mesh, these methods still fall short of modeling continu-
ous 3D representations and cannot be directly applied to neural fields. Therefore,
there is still a need for further exploration in designing algorithms that can es-
tablish dense correspondences across neural fields, e.g., NeRF (Neural Radiance
Field [2]). Moreover, due to the lack of abundant NeRF-based 3D representations
for learning correspondence models, how to resolve the data deficiency remains

under investigation.

In addition to directly editing generated or multi-view reconstructed NeRF-based
3D assets, how to inverse a neural field from a single-view image is also extremely
important and challenging. Moreover, since 3D space is exponentially more com-
plicated compared to 2D space, the inversion algorithms designed for 2D space are
not suitable for achieving high-fidelity 3d reconstruction, especially when only a

single-view image is available.

Beyond designing more advanced generalizable algorithms for generic neural fields,
this thesis also focuses on developing task-specific generalizable 3D representa-
tions for better 3D reconstruction, editing, and content generation. However, the
proposed 3D representations shall address three challenges: 1) high-fidelity 3D re-
construction, 2) compatibility with the 3D generation framework, and 3) editing

flexibility required by the specific domain.

1.1.1 Dense 3D Correspondence on NeRF

Dense 3D correspondence, as a core problem in computer graphics and vision, has
been well-studied over explicit shape representations. While significant progress
has been made on traditional 3D representations, as an emerging promising shape
representation, the relevant study on the neural fields is missing. This thesis ex-
tends such effort to one canonical neural field, i.e., NeRF, and establishes dense
3D correspondence across two objects represented by NeRF. The proposed method
potentially enables downstream applications such as texture transfer, texture ma-

nipulation, and segmentation transfer.
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However, this task is non-trivial. First, existing methods for building dense cor-
respondence across two objects mainly focus on mesh-based representations. It is
infeasible to directly apply them to NeRF. Unlike meshes that have explicit vertices
and surfaces, Besides, since NeRF lacks an explicit surface, it is hard to resort to
derivatives of neural fields [25] as the shape surface descriptors. Moreover, existing
methods [26] often require ground-truth correspondence annotations in training,

which are hard to obtain for NeRF-based object representations.

1.1.2 Inversion and Editing on 3D GANs

GAN inversion [27] is a challenging task that has been extensively studied for 2D
images but remains underexplored in the 3D world. Specifically, a given image is
projected to the latent space and obtains an editable latent code with an encoder.
The latent code will be fed to a generator to reconstruct the corresponding 3D
shape with high-quality shape and texture. Various optimization-based techniques
such as PTT [28] and global-local fusion [29] have been well-studied for 2D GAN
inversion and editing tasks. However, these methods focus more on the 2D texture
side and are not intrinsically designed for 3D GANs. To achieve high-quality 3D
GAN inversion, some challenges are posed for 3D GAN inversion: 1) the lack of 2D-
3D paired training data, 2) high-fidelity 3D reconstruction given only monocular

images, and 3) view-consistent editing.

1.1.3 Avatar 3D Head Representations

Generating and editing photorealistic 3D portraits is one of the cruxes of com-
puter graphics and has tremendous demand in downstream applications, such as
embodied Al, VR/AR, digital games, and movie CG. Emerging neural radiance
field, 3D-aware GANs [1, 21, 22, 30, 31] have achieved great success in generat-
ing high-quality multi-view consistent portraits with volumetric rendering. Editing
capabilities for 3D-aware GANs have also been achieved through latent space auto-
decoding, altering a 2D semantic segmentation [32, 33|, or modifying the underlying
geometry scaffold [34]. However, generation and editing quality tends to be unsta-
ble and less diversified due to the inherent limitation of GANs, and detailed-level

editing is not well supported due to feature entanglement in the compact latent
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space or global tri-plane representations. Recently, diffusion models [35, 36] have
been proposed for high-quality content generation, achieving competitive perfor-
mance compared to traditional GAN-based approaches [37]. Efforts have been
made on 3D-aware portrait generation by de-noising the global tri-plane repre-
sentation [23, 38|, which, however, do not support animation and region-based
editing. Therefore, it is important to devise an effective 3D avatar representation
that supports high-quality 3D reconstruction, editing, and 3D generative model

training.

1.1.4 3D Representation for General 3D Objects Genera-

tion

Though 2D diffusion models [35, 36] have beaten GAN on image synthesis [37] over
quality [39], controllability [40] and scalability [41], a unified 3D diffusion pipeline
is still unsettled. Generating 3D assets with diffusion models is challenging, and
existing methods can be categorized into 2D-lifting methods and feed-forward 3D
diffusion models. However, 2D-lifting methods require costly per-instance opti-
mization, are prone to multi-face Janus problem [42], and fail to impose strict
view consistency [43]. On the other hand, the feed-forward 3D diffusion mod-
els [17, 23, 44-47] enable speedy 3D synthesis without per-instance optimization.
While this pipeline is straightforward, it poses extra challenges to achieve high-
quality 3D diffusion: 1) Scalability, where existing methods are data inefficient,
demanding out-numbered views per instance [44, 46] during training. This sig-
nificantly hinders the scalability of large-scale 3D datasets. 2) Efficiency, where
conductiong diffusion learning on the 3D representations [48-50] is computation-
ally intensive and requires representation-specific design [51]. 3) Generalizability,
where existing 3D diffusion models neglecthigh-quality conditional 3D generation

(e.g., text-to-3D) across generic, category-free 3D datasets.

1.2 Approaches

This thesis focuses on expanding the generality of neural fields from the generative
model perspective. The generative model can be applied in various ways, and can

be categorized into two primary types:
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Expanding the Generality of Neural Fields
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FIGURE 1.1: Overview of the thesis The methodology sections are primarily
categorized into two major parts, which are 1) Generalizable neural field algo-
rithms from generative priors, and 2) Generalizable neural field representations
for 3D generation.

1) generalizable neural field algorithms from generative priors - Chapter 3 devotes
the efforts to establishing 3D dense correspondences for NeRF with the help of 3D
NeRF GANSs, giving significant performance improvement in 3D texture transfer
and segmentation propagation. Moving on to Chapter 4, beyond 3D editing within
synthetic samples, this thesis further sets sight on the 3D reconstruction and editing
with real samples. Through the delicately designed algorithms, the monocular im-
ages are inverted into semantically editable 3D assets while maintaining appealing

efficiency.

2) generalizable neural field representations for 3D generation - Chapter 5 explores
the development of a novel 3D representations that supports high-quality 3D avatar
reconstruction, animation while still supporting 3D diffusion training. The findings
highlight the essential role of hybrid 3D representations in achieving an effective
solution for this task. Furthermore, this study could offer a canonical solution
for further exploration in the 3D avatar field. Moving to Chapter 6, sights are
further set on investigating the 3D generation framework for general objects. By
incorporating a powerful feed-forward 3D VAE, we compress the multi-view images
corresponding to the 3D object into a compact latent code, where efficient latent
diffusion learning can be conducted. The resulting model surpasses existing meth-

ods in quality, speed, and fidelity, exhibiting great potential for future applications



Chapter 1. Introduction 7

of 3D AIGC (AI Content Creation).

Specifically, this thesis tackles the four challenges outlined in Sec. 1.1 and presents
respective solutions in the following sections. The first two methods, DDF and
E3DGE, focus on the preliminary extension of generalizable neural fields over toy
datasets, especially FFHQ, and ShapeNet. The proposed method achieves few-shot
3D reconstruction and 3D editing. However, their performance is limited by the
existing neural fields design, i.e., the MLP-based representation. To further expand
the generality of neural fields, this thesis introduces two new approaches, Loc3Diff
and LN3Diff. Specifically, task-specific designs are introduced to the 3D head and
general 3D objects. The proposed novel neural field representations achieve better

editability, visual quality, and generalizability than previous solutions.

1.2.1 Dense 3D Correspondence on NeRF

To establish the dense 3D corre-
spondences on NeRF, a novel ap-

proach is presented that exploits NeRF-

based generative adversarial networks
(GANs) [21, 30, 52] to facilitate the
learning of dense correspondence in
NeRF. Specifically, NeRF-based GANs

treat image synthesis as novel views

Texture
Transfer

2

rendered from its intermediate NeRF
representation. The key idea is to em-

ploy the underlying 3D generator, G, to

Shape
Manipulation

play a triple role: 1) a holistic global
structure descriptor for building condi-
tional models that generalize to differ-

ent object NeRFs of a category of in-

Segmentation
Labeling

terest. 2) a robust semantic embed-

- N,

ding function that maps corresponding

coordinates across different NeRF's into

FIGURE 1.2: DDF supports high-

quality texture transfer, shape ma-

source of infinite object-specific NeRF's nipulation and one-shot segmenta-
tion labeling given the established
correspondence.

semantically similar features, and 3) a
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N for training. The proposed ap-

proach is named Dual Deformation

Field (DDF). Without any ground-truth correspondence annotations, dense 3D
correspondence is established by mining rich semantic and structural priors from a
pre-trained NeRF-based GAN. The performance of the proposed method is shown
in Fig. 1.2.

1.2.2 Inversion and Editing on 3D GANs

Compared with 2D GAN inversion and editing, increasing the additional dimension
makes inversion more challenging beyond the goal of reconstructing an editable
shape with detail preservation. To address these challenges, a novel Encoder-
based 3D GAN invErsion framework, E3DGE, is proposed, which addresses the
aforementioned three challenges. The proposed framework has three novel com-
ponents with a delicate model design. Specifically: Learning Inversion with
Self-supervised Learning - We retrofit the generator of a 3D GAN model to
provide us with diverse pseudo-training samples, which can then be used to train
the inversion encoder in a self-supervised manner. Local Features for High-
Fidelity Inversion - In addition to inferring an editable global latent code to
represent the overall shape of the face, we further devise an hour-glass model to
extract local features over the residuals details that the global latent code fails to
capture. Synthesizing View-consistent Edited Output - We propose a 2D-
3D hybrid alignment module for high-quality editing. Specifically, a 2D alignment
module and a 3D projection scheme are introduced to align the local features with
edited images and inpaint occluded local features in novel view synthesis. Moreover,
we propose the following component for EG3D-based E3DGE: Pose estimation
for domain adaptation - This newly proposed component addresses the prob-
lem of noisy poses of 3D GAN inversion over real images, which EG3D is especially
sensitive to. With these components, the proposed method achieves 3D GAN inver-
sion with plausible shapes and high-fidelity image reconstruction without affecting
editability.
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FIGURE 1.3: Loc3DIFF utilizes local tri-planes [1], defined in UV space as the
underlying 3D representation for photo-realistic head modeling. It leverages 3D
diffusion process to support unconditional generation, high-quality novel view
synthesis, 3DMM-based animation, and region-based editing.

1.2.3 Avatar 3D Head Representations

With powerful generation ability, the diffusion model has shown promise in 2D
content generation. However, extending these models to 3D avatars is challenging
since 3D avatars require versatile capabilities of expression animation, editing, and
high-quality reconstruction. Here, a diffusion-based generative model is proposed
for the 3D volumetric head. Specifically, a novel representation of the 3D head is
proposed, in which complex volumetric geometry and appearance are encoded by
a large set of local tri-planes, anchored on the surface of an underlying 3D face
parametric model (3DMM). By leveraging the UV space, the proposed framework
ensures immediate compatibility with the well-established learning framework of
2D diffusion models [53]. To further create semantically consistent latent space for
diffusion training, an auto-decoding framework is devised. The performance of the

proposed method is visualized in Fig. 1.3.

1.2.4 3D Representation for Generic 3D Objects Genera-

tion

The existing 3D generation framework suffers from efficiency, scalability, and fi-
delity issues. Here, we propose a novel framework LN3DIFF to address these
challenges and enable fast, high-quality, and generic conditional 3D generation.
For direct latent space diffusion, the proposed method involves training a 3D vari-
ational autoencoder [54] (VAE) to compress input multi-view images into a lower-
dimensional 3D-aware latent space, where a cascaded 3D-aware transformer-based

decoder gradually decodes the latent into a high-capacity 3D neural field. After
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FIGURE 1.4: LN3DIrF performs efficient 3D diffusion learning over a compact
latent space. The resulting model enables both high-quality monocular 3D re-
construction and text-to-3D synthesis.

training, we leverage the learned 3D latent space for text-conditioned 3D diffusion
learning, ensuring effective utilization of the trained model for high-quality 3D gen-
eration. In essence, this work proposes a 3D-representation-agnostic pipeline for
building generic high-quality 3D generative models, and provides opportunities to
resolve various downstream 3D vision and graphics tasks. The overall performance

of the proposed method is shown in Fig. 1.4.

1.3 Outline

This thesis is organized into seven chapters:

Chapter 2 reviews the background of this thesis, including 1) 3D shape corre-
spondence, 2) GAN-based 3D generation and editing, and 3) 3D-aware Diffusion
models. Additionally, it motivates the proposed methodologies in this thesis.

Chapter 3 presents the study on the correspondence-level generalization of neural
fields. By leveraging the priors encoded in a pre-trained NeRF-based GAN, we
establish 3D dense correspondence on NeRF that is accu- rate, smooth, and robust.
We also show that established dense correspondence across NeRFs can effectively

en- able many NeRF-based downstream applications such as texture transfer.
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Chapter 4 presents the study on the object-level generalization of neural fields
Specifically, we introduce an efficient self-training scheme for 3D GAN inversion
that does not rely on real-world 2D-3D pairs but utilizes proxy samples generated
from a 3D GAN. Furthermore, we introduce a novel pipeline for 3D view-consistent
editing. The efficacy of the proposed method is validated on two representative 3D
GANSs, namely StyleSDF and EG3D. The proposed approach consistently outper-
forms state-of-the-art inversion methods, delivering superior quality in both shape

and texture reconstruction.

Chapter 5 presents the attempt of generalizable neural field representations on 3D
head. In particular, we present a novel framework for generating photorealistic 3D
human heads and subsequently manipulating and reposing them with remarkable
flexibility. The proposed method facilitates the creation of diverse and realistic 3D
human heads with flexible global and fine-grained region-based editing over facial

structures, appearance, and expressions

Chapter 6 delves into the findings on generalizable neural field representations
for general 3D objects. By harnessing a 3D-aware architecture and variational
autoencoder (VAE) to encode the input image into a structured, compact, and 3D
latent space, the trained 3D diffusion model surpasses existing methods in terms
of inference speed, requiring no per-instance optimization. The proposed method
shows a significant advancement in 3D generative modeling and holds promise for

various applications in 3D vision and graphics tasks.

Chapter 7 concludes the thesis and discusses potential directions for future work.






Chapter 2

Literature Review

This chapter provides an overview of the relevant literature for the thesis. First,
Section 2.1 introduces the technical formulation of neural fields, establishing the
foundation for the subsequent chapters. Section 2.2 focuses on neural fields specif-
ically designed for 3D geometry. Section 2.3 delves into the task of 3D correspon-
dence learning, a novel and underexplored area within 3D neural fields. Sections 2.4
and 2.4.2 discuss the techniques related to 3D-aware GANs and existing methods
for 2D GAN inversion, respectively. Section 2.5 broadens the scope to cover gener-
alized 3D reconstruction and view synthesis, a highly relevant area for this thesis.
Finally, Section 2.6 introduces the technical formulation of diffusion models, a

powerful generative modeling framework that can be extended to 3D.

2.1 Neural Fields

As formulated by Xie et al. [55], following the universal approximation theorem,

any field can be parameterized by a neural network. Therefore, we have:

Definition 2.1. A neural field is a field that is parameterized fully or in part by

a neural network.

Neural fields offer a unique combination of continuity and adaptability. Unlike dis-
crete parameterizations, whose memory requirements grow with increased spatio-

temporal resolution, neural fields’ memory needs are tied to the neural network’s

13
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parameter count—its complexity. While other continuous parameterizations (e.g.,
Fourier series) can represent extensive domains, predetermining the optimal com-
plexity for efficient representation is often challenging. Neural fields address this
by allocating their parameters dynamically, focusing on areas of field detail. Typ-
ically, neural fields are implemented as MLPs with differentiable activation func-
tions. Their analytic differentiability, compatibility with gradient descent, and
over-parameterization [56] make them adept at regressing complex signals in oth-
erwise ill-posed optimization problems. The definition of neural fields encompasses
neural networks that output spatial data, such as voxel grids. These architectures
often employ convolutional layers to produce 2D or 3D grids of various attributes

(e.g., RGB color, occupancy, latent features [57], or tri-planes [1]).

2.2 Neural Fields for 3D Geometry

The success of deep learning over 2D domain has spurred a growing interest in
the 3D domain. However, traditional explicit representation such as mesh and
voxel are hard to fit in deep learning optimization framework due to the varying
topology or limited resolution. As a parallel class of shape representation, recent
advances in implicit functions [13, 15, 58] have demonstrated their excellence when
representing complicated geometry. By representing shapes as a continuous field,
implicit representation encodes the geometry properties of a 3D point x using a
neural network f(x). Conventional implicit representations were limited by the
need of 3D ground-truth. NeRF [2] stands out as a successful variant to support
direct learning of 3D scene from multi-view images. Pumarola et al. [59], Park et al.
[60] further improve NeRF to model non-rigid and time-varying scenes by equipping
static NeRF MLP with an extra deformation field. = Mathematically, NeRF 2]
proposed an implicit 3D representation for novel view synthesis. Specifically, NeRF
defines a scene as {¢,0} = Fg(Z,v), where 7 is the query point, v is the viewing
direction from camera origin to #, ¢ is the emitted radiance (RGB value), o is the
volume density. To query the RGB value C(r) of a point on a ray r(t) = o + tv

shoot from the 3D coordinate origin o, we have the volume rendering formulation,

Cr) = /t T (r()e(r (), v)dt, (2.1)
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where T'(t) = exp(— ft ))ds) is the accumulated transmittance along the ray

7 from tn to t. t, and ¢ denote the near and far bounds.

Zheng et al. [61], Gafni et al. [62] further augment NeRF MLP with a template
shape using 3D basic models, including 3DMM (62, 63], FLAME [61] and SMPL [64]
to enable more explicit control. However, they are still limited to overfitting setting
and the learned models fail to generalize to novel scenes. Please note that implicit
shape representation and neural rendering are still developing rapidly and we refer

readers to the survey [12] for more details.

Though great advances have been achieved, building dense correspondence across
shapes represented by implicit functions are intrinsically challenging since ground
truth correspondence are impossible to acquire. Recent attempts to build corre-
spondence over implicit representations [65, 66] tried to bypass this requirement
by defining F as signed distance function (SDF') values of the deformed points and
d as the marginal L loss as in [58]. Liu and Liu [67] followed similar principles
as functional maps and adopted occupancy loss as supervision, while the basis
functions are learned from data. Though dense correspondence over implicit func-
tions could be derived, these methods are unable to establish consistent bijective
correspondence and still require 3D supervision during training. Moreover, these
methods are all constrained on synthetic dataset [68], which limit the applications

on real scenes.

2.3 3D Correspondence Learning

2.3.1 2D Semantics Correspondence

Extracting semantic correspondences between images has long been a central chal-
lenge in computer vision. Traditional approaches, such as Scale Invariant Feature
Transform (SIFT) [69], rely on extracting local features for matching across im-
ages. With the advent of convolutional neural networks (CNNs), deep learning-
based feature descriptors have been increasingly used to compute correspondences
[70-73]. However, these methods often depend on pseudo correspondence ground
truth generated through data augmentation. CoordGAN [74] proposed to leverage

GAN features for self-supervised correspondence learning without ground truth.
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However, the aforementioned methods deal with correspondence matching across
images and could not be easily extended to 3D representations. For example, some
of the 2D matching methods [73] requires ground truth mask for supervision, which
could not be extended to 3D implicit representations like NeRF. In this work, we
focus on dense correspondence matching over the NeRF-based 3D representations

without ground truth labels for supervisions.

2.3.2 3D Shape Correspondence

The problem of establishing dense correspondences between 3D shapes is of key im-
portance to a series of downstream tasks [75, 76], and has been studied extensively
in recent survey [77, 78]. Traditional approaches build correspondence between
shapes represented by mesh or point clouds. They can be roughly divided into
registration-based and similarity-based methods, where the former adopts Lapla-
cian coordinate ¢§; for vertex v; as geometric preservation descriptor after regis-
tration. Similarity-based solutions do not change the geometry of given shapes
and calculate the similarity between vertices with learnable feature descriptors.
With recent advances in geometric machine learning [79, 80], researchers extend
traditional framework by replacing hand-crafted descriptor with learnable feature
descriptors [26, 81, 82]. Halimi et al. [83], Eisenberger et al. [84] further mitigate
the requirements of correspondences annotations which builds soft correspondence
matrix [[ € R™*™ between numerable vertices on the mesh surface. The lack of
explicit surface and numerable vertices in NeRF hinders the use of above methods,
where correspondence affinity matrix [84] could not be built. Pioneer works [65-67]
propose to build correspondences over implicit representations. However, they still
rely on ground-truth reconstruction annotations to train the deformation field.
Collecting such annotations for NeRF-based representations is infeasible, where

there are infinite points with non-zero densities.

2.4 GAN-based Generation and Editing

Generative Adversarial Network [85] has shown promising results in generating

photorealistic images [86-88] and inspired researchers to put efforts on 3D aware
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generation [89-91].

2.4.1 3D-aware GANs

Motivated by the recent success of neural rendering [2, 13, 14], researchers intro-
duce 3D inductive bias into the generation task [21, 30] and show impressive 3D-
awareness synthesis through a hybrid design [1, 8, 22, 52, 92|, making it applicable
to a series of downstream applications [16, 32, 33, 93]. However, GAN-based meth-
ods suffer from mode collapse [94] and fail to model datasets with larger scale and
diversity [37]. Besides, 3D reconstruction and editing of GANs require elaborately

designed inversion algorithm [7].

2.4.2 2D GAN Inversion

Optimization-based 2D GAN inversion methods [95, 96] achieve photorealistic re-
construction at the cost of slow inference and lack of editability. To speed up,
Encoder-based methods [29, 97-100] like pSp [97] and ede [98] have been devel-
oped and show better properties in editing through specific model design [29, 97]
and training strategies [98]. However, they [95, 97, 98, 100, 101] all adopt global la~
tent code alone for GAN inversion task, thus failing to recover high-fidelity details.
Recently, HFGI [29] introduce an extra spatial consultation map to mitigate this
issue, though still designed to restore 2D textures without considering 3D shape
modeling. In this work, we propose a delicate design that exploits local features to

recover texture details and achieves view-consistent synthesis.

2.4.3 3D Reconstruction and Editing with 3D GANSs

Recent development of 3D GANs [1, 8, 21, 22, 30, 52| also calls for correspond-
ing inversion frameworks. 7-GAN and EG3D [1] directly adopt 2D inversion
method [28, 95|, which requires expensive latent or model optimization and still
introduces implausible shape artifacts. The most relevant work to ours is Lin et
al. [102], which employs a computationally expensive optimization-based frame-
work [95] and combines FLAME [103, 104] for portrait animation. However, it fails
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to guarantee reasonable shape and is limited to the human face domain. In paral-
lel, Pix2NeRF [105] introduces a feed-forward network to pre-trained 7-GAN and
enables single-view 3D reconstruction. However, it does not demonstrate its perfor-
mance in high-quality novel view editing. Pavllo et al. [106] proposes a hybrid 3D
GAN inversion framework for single-image shape reconstruction. However, the hy-
brid framework trades off the performance with speed, while our method achieves
high-quality inversion and editing performance with fast inference speed. Some
other works rely on 3D parametric models [103] or auto-decoder [107] architecture
for single-view 3D reconstruction [103] or editing [107], which cannot leverage the
strong GAN priors for high-resolution and flexible latent-based editing. A concur-
rent work, GOAE [108], also proposed a two-stage 3D GAN inversion framework.
However, it only demonstrates its ability on tri-plane and image inversion, while
our method is verified on both SDF and tri-plane 3D representation over both

image and video.

Besides, previous works [109-115] propose to use pretrained GAN to generate
training dataset. Through careful design in the sampling strategy [112], loss func-
tions [110] and generation process [114], researches show that off-the-shelf image

generators could facilitate a series of downstream visual applications.

3D GANs for Avatar Synthesis. 3D GANs are well developed in the 3D
avatar synthesis area, staring from pi-GAN [21]. To further increase the generation
resolution, recent works [1, 8, 22, 31, 52, 116-118] resorted a hybrid design to high
resolution up to 512. However, samples from these methods cannot easily be edited.
On the other hand, FENeRF [32] and IDE-3D [33] proposed to generate, edit, and
animate human faces, guided by a segmentation map. However, their support for
local editing is still unsatisfactory, as the local geometry cannot be explicitly edited
due to the lack of spatial information in the segmentation map. Additionally.
Moreover, segmentation-driven animation has several limitations, e.g., can only
animate an identity with a similar foreface layout. By contrast, LN3DIFF achieves

improved performance and flexibility via direct basic-model-driven animation.

Another line of work [7, 16, 109-114] propose to use a pre-trained GAN to gen-
erate training data. Through careful design in the sampling strategy [112], loss
functions [110] and generation process [114], off-the-shelf generators can facilitate
a series of downstream applications. In this work, we also adopt a pre-trained 3D

GAN as an “infinite” source of 3D assets.
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2.5 Generalized 3D Reconstruction and View Syn-

thesis

To circumvent the per-scene optimization of NeRF, researchers propose to learn
a prior model [3, 19, 119] through image-based rendering. However, these meth-
ods are designed for view synthesis and lack explicit 3D representations. LoL-
NeRF [107] learns a prior through auto decoding but is limited to the simple
category-specific settings. Moreover, these methods are designed for view syn-
thesis and fail to generate new 3D objects. VQ3D [120] adapts the generalized
reconstruction pipeline to 3D generative models. However, they adopt a 2D archi-
tecture and work with autoregressive modeling over 1D latent space, which ignores
much of the inherent 3D structure. NeRF-VAE [121] directly models 3D likelihood
with VAE posterior, but is limited to simple 3D scenes by the deficient capacity of
VAE. Concurrently, LRM [122] has proposed a feedforward model for generalized
monocular reconstruction. However, its latent space is not specifically designed for

learning a generative model, which limits its effectiveness for 3D diffusion learning.

2.6 Diffusion Model

As a new branch of generative models, diffusion models [35, 36, 123] are leading to
a series of breakthroughs in various tasks such as image and video generation [37,
39, 53].

The surprising generative power of diffusion models stems from the robust theoret-
ical foundation where the complicated distribution fitting process is transformed
into several independent and stable reverse processes via Markov Chain model-
ing. Compared with other generative models [54, 85|, diffusion models are stable
during training compared with GAN [85], capable of capturing more accurate dis-
tribution than VAE [54] and more feasible without the needs of invertible network
architectures compared with Normalizing Flows [124]. In the following sections,
we provide a brief introduction to the formulation and approaches related to dif-
fusion models. For detailed theorems and proofs, we refer readers to the original

papers [35, 36, 123].
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2.6.1 Mathematical Formulation

Diffusion models can be broadly categorized into three types based on their un-
derlying formulations, i.e., denoising diffusion probabilistic models (DDPMs) [36,
123], score-based generative models (SGMs) [125, 126], and stochastic differential
equations (Score SDEs) [127, 128].

At the core of DDPMs are two Markov chains: a forward chain that gradually
perturbs the data into noise, and a reverse chain that reconstructs the data from
noise. The forward process is typically handcrafted, adding noise incrementally to
the data, while the reverse process is learned by training a deep neural network
to invert the forward chain. In theory, this network can be seen as a series of
equally-weighted denoising networks eg(x;,t) for ¢ = 1...T, where T is the length
of the Markov chain, & ~ p(x) is a sample from the target distribution, and x; is
the noisy version of @ at step t. The diffusion training objective can be expressed

as follows:
Loy = Eg oo [Il€ = eol@i,1)][3] (2.2)

where t is uniformly sampled from 1,...,7. Once the model is trained, new data
can be generated by sampling a random point from the prior distribution used in
the forward Markov chain and performing ancestral sampling through the reverse
chain [129].

To further improve the effectiveness and efficiency of applying DDPMs to high-
resolution generation, Rombach et al. [39] further propose latent DDPMs to
conduct the training process of DDPMs in latent space. Specifically, the high-
dimensional data @ is first compressed into a low-dimensional feature z = () in
latent space using a pretrained perceptual compression autoencoder £&. Then the

training objective can be expressed as:

Liom = Eeayeanions [||€ — €0z, 1)]]3] - (2.3)

2.6.2 3D-aware Diffusion Models

The unprecedented success of the 2D diffusion models has inspired researchers
to apply this technique in the context of 3D with several strategies. DreamFu-
sion [42, 130, 131] inspired 3D generation by distilling 2D diffusion model, but
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suffers from expensive per-scene optimization, mode collapse, and Janus problem.
Some approaches propose to learn the 3D prior and rendering process in a 2D
manner [43, 132, 133]. Though photo-realistic, these methods intrinsically lack
view consistency and cannot extract the underlying 3D of the synthesized scene.
A more canonical 3D diffusion pipeline follows a two-stage training paradigm: af-
ter pre-training an auto-decoder as the first stage with multi-view images [17, 23,
38, 44, 45, 134], a group of 3D latent codes will serve as the training corpus for
diffusion training in the second stage. However, the auto-decoding stage requires
training a tiny shared decoder, which leads to an unclean latent space with limited
scalability. Besides, the latent is usually heavy, e.g., 256 x 256 x 96 [23], which

hinders efficient diffusion learning [135].

Prior works RenderDiffusion [136, 137] and concurrent DMV3D [122, 138] propose
a latent-free 3D diffusion by integrating rendering process in the diffusion sam-
pling. Though straightforward, this design involves time-consuming volume ren-
dering in each denoising step, which significantly slows down the sampling speed.
SSDNeRF' [46] proposes to jointly learn 3D reconstruction and diffusion with an
auto-decoder pipeline. However, it requires a sophisticated training schedule and
only demonstrates the performance over a single-category unconditional generation.
Comparatively, the proposed LN3DIFF trains 3D diffusion on the compressed la-
tent space where no rendering operations are required. We validate in Sec. 6.2 that
our method achieves better performance on both 3D generation and monocular 3D
reconstruction with 3 times faster speed. Besides, we demonstrate conditional 3D
generation over generic, diverse 3D datasets, while RenderDiffusion and SSDNeRF

focus on unconditional generation over simple classes.






Chapter 3

Correspondence Distillation from
NeRF-based GAN

The success of neural radiance fields (NeRF) [2] has led to remarkable progress in
learning 3D representations. Unlike voxel-, point cloud- and mesh-based methods,
NeRF represents each 3D object as a distribution of coordinate-based volume den-
sities and view-dependent colors. And by approximating this distribution with a
continuous parametric function, NeRF shows great potential in capturing geomet-

ric scene details and rendering realistic novel views. current limitations

As a crux in computer vision and graphics, dense 3D correspondence has been
well explored over explicit shape representations. As an emerging promising shape
representation, it is thus natural to extend such effort to NeRF and establish dense
correspondence across two objects represented by NeRF, enabling downstream ap-
plications such as segmentation transfer, texture transfer and texture manipulation

as shown in Fig. 3.1.

This task is non-trivial. First, existing methods for building dense correspondence
across two objects mainly focus on mesh-based representations. It is infeasible to
directly apply and adapt them to NeRF. Unlike meshes that have explicit ver-
tices and surfaces, NeRF lacks an explicit surface, preventing us from resorting

derivatives of neural fields [25] as the shape surface descriptors. Moreover, existing

The work in this chapter has been published in [16].
Code is publicly available at https://www.mmlab-ntu.com/project/ddf/index.html
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methods [26] often require ground-truth correspondence annotations in training,

which are hard to obtain for NeRF-based object representations.

To overcome the aforementioned limitations, a novel approach is presented that
exploits NeRF-based generative adversarial networks (GANs) [21, 30, 52] to fa-
cilitate the learning of dense correspondence in NeRF. Specifically, NeRF-based
GANSs treat image synthesis as novel views rendering from its intermediate NeRF

representation.

Our key idea is to employ its generator,

G, to play a triple role, as shown in
Fig. 3.1: o { 121}

1) Since the generator of a GAN is NeRF || 6(@)iL, { Z}
i=1 |:> 142

a latent variable model that learns a (4

mapping z — G(z), the associated la- |

tent code z shall capture the underlying { 'ZA}
structure of the generated object NeRF 3)
G(z) in a pretrained GAN. Therefore,

this latent code naturally serves as a

—_
~

FicURE 3.1: The triple role of a
NeRF-based GAN: a pretrained
holistic global structure descriptor for NeRF-based GAN is retrofitted into
triple roles: (1) the latent codes z.¥
serve as holistic structure descrip-
tors; (2) the extracted generator fea-

building conditional models that gen-

eralize to different object NeRFs of a

category of interest. tures serve as geometry-aware local
descriptors; and (3) the sampling
2) As a representation learning archi- space of pretrained G could serve as

an infinite object-specific dataset.
tecture, G can serve as a robust seman-

tic embedding function that maps cor-
responding coordinates across different NeRFs into semantically similar features.
Based on such cross-instance feature similarity, the features by GG can naturally be

used as geometric-aware local descriptors.

3) Following the idea of Sim2Real [139], G can also serve as a source of infinite
object-specific NeRFs A2 for training.  Moreover, thanks to the well-learned
latent space of GANS, it is flexible to adjust the complexity of sampled NeRFs
through the latent codes via the truncation trick [86, 140].
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The proposed approach is named as Dual Deformation Field (DDF'). While our
DDF does not limit the choice of NeRF-based GAN, 7-GAN [21] is adopted due
to its simplicity and promising synthesis results. Our adaptation of the pre-trained
m-GAN starts with considering its first role in model construction, where the latent
codes of m-GAN is treated as additional conditions. Specifically, the dense corre-
spondence between NeRFs is regarded as a coordinate-based deformation field from
the source NeRF to the target NeRF. Instead of learning a single deformation field
conditioned on a pair of source and target latent codes, a fixed template NeRF is
used as the bridge and learn two separate deformation fields, namely a backward
deformation field B and a forward deformation field F. In our formulation, B
always treats the template NeRF as the target, taking only the source latent code
as input. Similarly, F' always treats the template NeRF as the source, taking the
target latent code as the condition. Such a decomposition substantially alleviates
the learning complexity. In addition, the dense correspondence between any two

NeRF's can be easily established by combining F' and B.

Benefit from the second role of m-GAN, DDF can learn without ground-truth
correspondence annotations. Specifically, for any coordinate in the source NeRF,
its corresponding coordinate can be obtained in the target NeRF from DDF'. Since
the features of m-GAN are geometric-aware descriptors, the generator features can
be computed for these estimated corresponding coordinates and apply feature-wise

cosine similarity as the primary learning objective.

Finally, as m-GAN provides infinite object-specific NeRF samples for training, the
complexity of sampled NeRF's can be further controled by mixing the latent codes
of sampled NeRFs with that of the template NeRF. Training begins with samples of
low deformation complexity and gradually move to samples with higher complexity
as training proceeds. This strategy is found to improve the training-time efficiency

and stability.

This is an early attempt that establishes the dense correspondence between two
NeRF-based object representations. Without any ground-truth correspondence an-
notations, dense correspondence is established by mining rich semantic and struc-
tural priors from a pre-trained NeRF-based GAN. In the challenging category of
human faces, the proposed method produces high-quality dense correspondences
with promising robustness and generality. Various tasks such as texture transfer

and segmentation transfer are tested to demonstrate the potential of our method
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in downstream tasks. In general, the proposed method improves the generality of
neural fields by establishing the 3D correspondence within intra-class objects. This
facilitates downstream 3D editing applications such as texture and segmentation

transfer.

3.1 Methodology

In this chapter, we present a new attempt for building dense correspondence be-
tween NeRF representations across objects belonging to the same category. Ob-
taining ground-truth correspondence annotations is infeasible due to the implicit
nature of NeRF. Our key insight is to retrofit a generator of a pre-trained NeRF-
based m-GAN, denoted as G, into triple roles: 1) the latent codes in G serve as
holistic global structure indicators that improve the generality of models; 2) the
features of GG serve as geometric-aware local descriptors that enable a feature-based
learning objective; 3) and the manifold of G serves as a source of infinite training

and evaluation samples over a single category.

In the following sections, we first introduce the details of NeRF-based 7-GAN in
Sec. 3.1.1 as the background knowledge for subsequent sections. Next, we explain
the problem formulation and our framework in Sec. 3.1.2, learning objective in

Sec. 3.1.3, and training strategy in Sec. 3.1.4.

3.1.1 Background on NeRF-based GANs

Inspired by the success of NeRF as an efficient 3D representation, NeRF-based
GANs employ NeRF as their internal representation for 3D-aware image synthesis.
We adopt 7-GAN [21] in this chapter. Specifically, the generator of the 7-GAN
contains a mapping network M and a multi-layer perceptron (MLP) network.
Starting from a latent code Z ~ py that follows the Gaussian prior distribution,
the mapping network first maps 2" to a set of modulation signals M(z) = {3,~},
where B8 = {5;},7 = {7:}. In =-GAN, a NeRF is obtained by the MLP network,
which estimates the view-dependent density ¢ € R and the color vector ¢ € R3
for each 3D point, taking its coordinate ¥ € R?® and a viewing direction d € S?

as input. To associate a latent code to its corresponding NeRF, the modulation
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(a) (b)
FIiGUure 3.2: Overview of the proposed Dual Deformation Field
(DDF). (a) DDF consists of two coordinate-based deformation fields, namely
the backward B and the forward F'. To get the correspondence point given a
point Zs sampled from the source NeRF N, the B model conditions on the Z
and learns to deform the input point Z, to the correspondence point in the tem-
plate NeRF Aj. Similarly, the F model conditions on the target latent code Z;
and learns to deform points from the template NeRF T to the target NeRF N;.
(b): Feature similarity losses L2, and £ between features extracted from the
generator of the pre-trained m-GAN, G, is adopted as the main loss. Please refer
to Fig. 3.4 for the details of the other two supervisions imposed in the training.

6

signals will be injected into the MLP network, serving as FiLM conditions [141-143]
to modulate its features at different layers as f;11 = sin(vy; - (Wi f; + b;) + 5;).

Image synthesis in 7-GAN is achieved by sampling a latent code and subsequently
rendering an image from the corresponding NeRF. Following the volume rendering
of NeRF [2], each pixel color C' of the image is obtained via sampling a set of points
along the ray r(t) = o+ td and accumulating their color vectors weighted by their

transmittance:

N

C(r) =Y T(t:)(1 - exp(—0id))e;, (3.1)

i=1
where T'(t) = exp (— Z;ill ajdj) and 0; = t;,1 —t; is the distance between adjacent
samples. Using a set of unposed 2D images, m-GAN is trained progressively with

the non-saturating GAN loss and the R1 regularization [144].
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3.1.2 The Proposed Framework

Problem Formulation. Given any pair of NeRFs N, : R? — R* and N, : R?
R*, our goal is to estimate a 3D deformation residual Hp : R® — R? that deforms
NeRF N towards NeRF N via:

N, = Ny i &y = (&5 + Hp(i,)), Vi, € .. (3.2)

The deformation field Hp represents the residual 3D deformation D(Z,) = A%, in
the 3D space of the source NeRF N,. It is an injective mapping that maps each
3D point Z, in the source NeRF, N, to its corresponding position in the target
NeRF, N,.

Challenges. The problem formulation shown above follows existing attempts [65,
66] that model the dense 3D correspondences between an SDF shape and a shared
template via a single deformation field. However, this design does not suit NeRF
for the following reasons. First, their parameterization is designed to facilitate
shape reconstruction, rather than establishing correspondences between two ex-
isting shapes. Second, deforming all the points on a shape to a shared template
could only guarantee an injective mapping instead of a bijective mapping, where
a random point over the template could not find its correspondence on a target
shape. Third, this design limits information (e.g., textures) propagation between
NeRFs. Given a ray that intersects with a shape, unlike SDF representation where
the shape surface is modeled by a single point on the zero-level iso-surface, the
volume-based representation (e.g., NeRF) represents the shape boundary by in-
numerable points [145]. Therefore, after the source NeRF, N, deforms densely
sampled near-surface points with texture information to the template, it is com-
putationally intractable for the target NeRF, N;, to find the precise corresponding

texture for points along a ray.

Dual Deformation Field. We propose to fix the above-mentioned issues by
lifting the injective mapping to a bijective mapping function. A straightforward
solution here is to leverage a single conditional mapping function D : R? x R* x
R?* +— R3, which estimates the offset for each point Z of the source NeRF N,
taking its coordinate and the latent codes z; and Z; of target and source NeRFs
as input. However, since the source and target NeRFs vary in each iteration, such

a solution requires a large model capacity and fails to converge in practice. A
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similar observation has also been proposed in previous work that models dynamic

NeRF [59].

To alleviate the computational com-

plexity without sacrificing the bijective

coordinate
x

property, as illustrated in Fig. 3.2, we PE

— () 2 —

sample a fixed NeRF with a latent code : [

Deformation Field

Zp from G as the intermediate tem-
FiGURE 3.3: A diagram of the

) o deformation field model archi-
mation field D as the composition of tecture. Both the forward defor-

plate Ny, and reformulate the defor-

two separate conditional neural defor- mation field F' and the backward de-
formation field B are implemented

as MLPs consisting of four fully-
formation field B that estimates the de- connected layers with residual con-

formation from a source NeRF, N, to nections [2, 3. Both F and B
take a latent code Z of 256 dimen-

sions and a coordinate as input,
mation field F' that estimates the de- where the latter is embedded into a
48-dimensional vector via positional
encoding (2, 4]

mation fields, namely, a backward de-

the template Ny, and a forward defor-

formation from the template A to a
target NeRF, MN;.

By decomposing the deformation field
between two arbitrary NeRFs into two fields B and F' bridged by a fixed template

NeRF, the overall learning complexity is significantly reduced. In this way we have

fO = B(f& gs)a B(fsa gs) = fs + HB((b(fs)’ Zs)v (33>
Ty = F(Zo, Z), F(%y, Z) = Zo + Hp(¢(Z0), 2), (3.4)

where s € N, T, € Ny, and &y € Ny. And ¢(Z) is the positional encoding [2] of a
given point. Hg and Hp are residual functions each implemented as an MLP con-
sisting of four fully-connected layers, as depicted in Fig. 3.3. The correspondence
point of 7, € N, in a target NeRF MN; can be retrieved by the composite mapping
F(B(#s, 2s), z;), as depicted in Fig. 3.2. The latent codes Z; and Z; serve as the
holistic global structure indicators to guide the deformation. Implementation wise,
the template NeRF N is chosen as (7, B) which can be intuitively seen as the

average shape of the trained dataset.
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FIGURE 3.4: Illustration of loss functlons used in DDF. (a) Backward
cycle-consistency loss: F(B(Zs, Zs), Zs) ~ &5, (b) forward cycle-consistency loss:
B(F(%,%),2;) ~ ¥ and (c) second-order feature similarity loss: G(Zs, Z5) =~
C(F(B(#s, %), %), 7).
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3.1.3 Training Objective

Our overall training objective contains a feature similarity loss for estimated cor-
respondences and three additional regularizations for the deformation fields F' and
B, namely a cycle-consistency regularization, a second-order feature similarity loss,

and a deformation smoothness regularization.

Generator Feature Similarity Loss. Given a collection of n source NeRFs
{N; ® »_, that are sampled from G with corresponding latent codes {zs » ., each
of these NeRFs will serve as a source NeRF for B to compute its deformation to the
template. For each pair of estimated corresponding points (7, y) where Zs belongs
to one of these source NeRF's and Zy belongs to the template, we take a point feature
extracted from NeRF generator GG as the local geometric descriptor. When the Z
and ¥y are homologous and share similar semantic meanings, the feature similarity
loss should be small, and a smaller feature similarity loss in training indicates that
the deformation field produces reasonable correspondences. Therefore, for each pair
of sampled points, we compare the cosine similarity between two descriptors as their
correspondence relevance score and update the network accordingly. Consequently,

the feature similarity loss for B can be written as:

szm - §

|7Ds )| 673(1)
(3.5)

wa, % (G, 2) - G(BE, 20, )5
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where the loss of each point 7\ is weighted by wz, = T(tz,) defined in Eq. 3.1,

so that B is encouraged to focus more on points with large densities, as they
are close to the object surface with rich semantics. It is worth noting that to
reduce computational redundancy and complexity, we will sample only a subset
PO of points from each NeRF N by the sampling strategy introduced in the
next section. Each of these NeRFs will also serve as a target NeRF for F' to
compute the deformation of the template to it. The feature similarity loss for F is

thus:

(7)
N (3.6)
1 — — —
Wiy * 5 HG($07ZO) — G(F(Zy, Ezfj))jt( ))

where 7, stands for a point on the template Ny and we sample a subset Péj ) from
Ny for each different target NeRF /\ft(j ). For all the feature similarity supervision,
we adopt features of G at multiple layers and concatenate them to better reflect

the semantics of a point. We justify our choice in Sec. 3.2.5.

Cycle-Consistency Regularization. Since the conditional deformation fields,
F and B, are supposed to restore the original deformation field D, when the
same NeRF W is used as both the source and target NeRF, they should sat-
isfy D(Z, z;, z;) = 7 for all valid points Z. As depicted in Fig. 3.4(a,b), we further

apply a cycle-consistency regularization for B and F":

ﬁcycle:
—Z[ S IFBE, 20, 20) - &|; | +
’Ps ’ B epéz) (37)
1 =6y )y o |
L5 [ 5 [t
Po FoeP

Second-Order Feature Similarity Loss. Apart from the aforementioned point-
wise cycle-consistency loss that regularizes the deformation coherency of learned
mapping, we also combine it with Eq. 3.5, 3.6 and impose a feature-based cross-
instance cycle-consistency loss. Specifically, for a given point Z, in a source NeRF

N paired with latent code Z(f), beyond imposing the similarity regularization only
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over the template NeRF N, we further deform its intermediate point 7y = B(Zs, Z;)
to a randomly sampled paired target NeRF ./\/'t(i) and calculate their feature simi-

larity:

£2nd — 1 E
cycle n

i=1

1
IR

L [t
ToEPs (3.8)

ws, « 1 G (BE ), 57). 20). 0@, %)

s

We find this auxiliary regularization improves cross-instance deformation consis-

tency.

Deformation Smoothness Regularization. To encourage the smoothness of
deformation and reduce spatial distortion, a deformation smoothness regularization
is also included. Here we penalize the norm of the Jacobian matrix Jp = VD of the

deformation fields [146] to ensure the learned deformations are physically smooth:

Esmooth:
—Z[ 5 > max(||VB(:i"S,§§i))Hz—e,O) +
|Ps”| F.epld (3.9)
1 & 1
DM e X!
Jj=1 0 foepéﬂ)

where € is the slack parameter for the smoothness regularization. The final objec-
tive is thus *Ctotal Lszm + EsBzm + )\cycleﬁcycle /\gggeﬁggfie + /\smoothﬁsmooth where

2nd
)\cycle> AL

e and Agno0tn are balancing coefficients, which are respectively set to 1,

0.1 and 10~* in practice. Overall, the first 2 loss terms encourages the establish-
ment of dense NeRF correspondences, and the remaining loss terms regularizes the
geometry properties of the learned correspondence, including the cycle consistency

and deformatio smoothness.

3.1.4 Training Strategy

While the pre-trained m-GAN G serves as a source of infinite object NeRFs, in
each iteration of the training process we will sample a batch of source NeRF's
{N; 2 } , with corresponding latent codes {5§ )}Z 1, and a batch of target NeRF's
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{M(j ) L, with the corresponding latent codes {ij )}Tzl. To further sample a point
set for each sampled NeRF ./\/*(i), for each pixel within the resolution H x W we
shoot a ray r(v) = o + vd where d identifies the direction from the camera to
the pixel. Subsequently, for each ray we follow Mildenhall et al. [2] and conduct
a hierarchical sampling to obtain a fine set of points, i.e., points near the object
surface. We denote the union of these point sets sampled from source as {Ps@ L
which are used to train the B model. Since the points sampled to train /' models

are all from the template NeRF N, here we denote the the point sets paired with
target NeRF A7) as {PY )};-”:1 for clarity.

Curriculum Sampling of NeRFs. In practice, we find the variation between
the sampled NeRF and the template NeRF can significantly affect the training
process, which may even collapse at the beginning stage if it gets a sampled NeRF

that differs substantially from the template.

To improve training stability and efficiency, we adopt a curriculum sampling strat-
egy to obtain NeRFs from (G, by gradually morphing the template NeRF in the
latent space to sample NeRFs with growing complexity. Specifically, since in -
GAN, the semantics of a sampled NeRF is determined by the modulation signals
(B,7), we can linearly interpolate between two sets of modulation signals to grad-
ually morph one NeRF into another. Inspired by this property of m-GAN, when
we sample a set of n NeRFs {N ¥} we compute their corresponding modula-
tion signals {(8®,~®)}_, from their latent codes. Subsequently, we adjust the
learning complexity by blending them with the template NeRF as

BY(a) = By +a- (B — By) (3.10)

YD (@) =0 +a- (7 =), (3.11)

where (B, 7o) are the modulation signals of the template NeRF and « controls the
learning difficulty. In practice, we start from o = 0 and linearly increase the value
to 0.6 during training, which is a reasonable value to balance sampling quality and
diversity [86]. In this way, the model learns to produce identity deformation first
and then gradually evolves to model more complicated deformation when trained

on more challenging samples.
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TABLE 3.1: Hyper parameters of the sampling and regularization loss weights.

Dataset Ray Steps Depth Mask Sampling Ratio Batch Size Acycie  Asmooth
CelebA [147] 24 1.08 0.2 131,072 0.1 0.1
Carla [30] 48 1.2 0.05 65,536 0.05 0.01
Cats [148] 36 1.08 0.1 49,152 0.1 0.1

3.2 Experiments

3.2.1 Experimental Setup

As discussed in [65, 66], there is no dense correspondence dataset available with
ground truth for structure with variations. Therefore, we adopt three proxy tasks as
surrogate metrics to evaluate the learned correspondences of DDF'. In Sec. 3.2.2, we
first qualitatively demonstrate the dense correspondences learned by DDF through
texture transfer. Quantitative results are shown in two alternative tasks, namely
fine-grained segmentation transfer and keypoints transfer, in Sec. 3.2.3 and Sec. 3.2.4,

respectively. All imagery results shown are rendered at 2562 resolution.

Implementation Details. In all the experiments, the learning rate is set to
5x107° and decay in every 5, 000 iteration with gamma=0.5. We adopt Adam [149]
optimizer to train the deformation models. In each training iteration, we randomly
sample a batch of 10 source NeRFs {N{"11%  with corresponding latent codes
{Zgi) 10, and a batch of target NeRFs {M(j ) }0:1 with corresponding latent codes
{(Z9 ;21. For all experiments, we train the DDF for 80,000 iterations, which takes
about 8 hours on a single Tesla V100 GPU. The hyperparameter details are listed
in Tab. 3.1.  We profile our method over the segmentation transfer of a single
128 % 128 instance with 96 samples along a ray. With 374.991(K) parameters and
582.187(G) MACs, DDF achieves the latency of 2.145(s) on a V100 GPU.

Evaluation Dataset. We extensively demonstrate our approach on human faces
from CelebA dataset [147, 150] as the main object category, as human faces are rich
in geometric details, making them the best choice for demonstrating the accuracy,
smoothness, and robustness of learned correspondences. Moreover, human faces
are also rich in downstream tasks, from which we can effectively investigate the
potential of learned correspondences. The qualitative results on cats [148] and cars
[30, 151] are also included.
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Sampling Details. To train the DDF network efficiently, we conduct hierarchical
sampling to obtain 3D point sets with more specific semantic meanings. As in [2],
we first uniformly sample points in 3D space and then sample via importance
sampling a more informed fine point set given the density output of the “coarse”
point set. These samples are biased toward the more relevant parts of the rendered
object. We list the sampling details in Tab. 3.1. Apart from applying a foreground
depth mask to filter out background information to increase sampling efficiency, we
also control the sampling ratio of remaining rays. By defining a smaller sampling
ratio, we could increase the number of NeRF sampled per batch to increase the
diversity of training samples. We curtail the sampling points to a certain number

so to maintain the stability of training.

NeRF-based GANs. We use the officially released m-GAN pretrained models
for dense correspondence learning, and also include EG3D [1] pretrained model
for some comparisons. To extract network features, we use the features starting
from layer 4. We find the middle layer features have more correlation with the
underlying semantics of a given region, while the last few layers are more sensitive
to low-level details such as color variations, which could not provide meaningful

clues for dense correspondence learning. We further justify our choice in Fig. 3.2.5.

3.2.2 Qualitative Results on Texture Transfer

In this subsection, we qualitatively demonstrate the dense correspondences learned
by DDF through texture transfer. The results here validate that DDF' learns accu-
rate underlying structures of NeRFs and their associated correspondences without

explicit correspondence supervision provided during training.

Texture Transfer via DDF. We denote N, — N; as the process of transferring
texture from NeRF N, to NeRF N, while maintaining the geometry of N;. To
perform the transfer, for each sampling point Z; to render NeRF N, we first
deform 7, to the template correspondence ¥y via B and then deform it to the
target NeRF N, space correspondence point &, via F. We query the geometry of
N; and texture of N, to conduct volume rendering in the given view direction. To
remove ambiguity, we mask out the hair and background class of the source class
using segmentation masks and conduct texture transfer on other semantic regions

on the human face.
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FIGURE 3.5: Texture transfer through the learned deformation field.
We randomly sample three NeRF pairs here for qualitative evaluation (shown
at the top row as inputs). For each NeRF sample N, we transfer the texture
from the paired NeRF according to their 3D dense correspondences. Specifically,
for the column labeled with NeRF M(s), we show the texture transfer results
from source NeRF Ns(t) — M(S). We conduct dual texture transfer on three
pairs (depicted in different separated columns) and show the transferred results
over three different angles. The separate line splits the input, the model-based
method’s output, the learning-based methods’ output, and ours. Though not de-
signed for 2D images, our method consistently outperforms the baseline method
in terms of fidelity and naturalness.
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NeRF N, NeRF N, Texture Transfer N> N, Texture Transfer N> N

=

FIGURE 3.6: Visualization of texture transfer on Cats Dataset. The size
of the eyes and positions of the nose and the overall shape could serve as hints
to observe the difference between different cats.

Results on Human Faces. With the above rendering process, we show the cross-
instance texture transfer results in Fig. 3.5. We compare our method with two types
of baselines, the model-based 3DMM [152] method (row 1) and the state-of-the-art
learning-based 2D correspondence matching methods [70-72] (rows 2-4). Visually
inspected, our method produces semantic plausible dense correspondences with
high-fidelity texture transfer results. We also show our results in multiple views
to demonstrate that our method has learned both 3D consistent dense correspon-
dences. Note that good texture transfer results could not be achieved without
accurate correspondence matching in 3D space. Our approach shows superior tex-

ture transfer in comparison to existing model-based and learning-based methods.

Results on Other Categories. To further illustrate the deformation ability
of dual fields in DDF, we apply our method on two more pretrained NeRF-
based generators, trained respectively on the Cats [148] datasets and the synthetic
CARLA [30, 153] dataset. We train the corresponding DDF models on the new
categories with parameters listed in Tab. 3.1 and conduct texture transfer using the
same pipeline. Given the source NeRF N, and target NeRF N, we show transfer
results from both N; — N; and N; — N to validate the performance of DDF on

shape categories with larger structure variations.
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FIGURE 3.7: Visualization of texture transfer on CARLA Dataset. In
the category with large structure deviations, DDF' could still generate sound
deformation with high fidelity and accuracy.

FIGURE 3.8: Visualization of uncertainty map of learned dense corre-
spondence. The left and the right column shows the pixel-wise uncertainty
map corresponding to backward deformation B and forward deformation F', re-
spectively. The pixel-wise uncertainty is calculated as the integration of the
point-wise L¥. =~ with Eq. 3.1.

stm

In Fig. 3.6 we show the texture transfer results on the Cats dataset. Though cat’s
faces have fewer discriminative features compared to human faces, through the
overall shape and local details such as the size of the cat’s mouth and eye, we
could see that the transferred multi-view results share the same texture with the

source NeRF, while still matching the geometry of the target NeRF.

In Fig. 3.7 we show the transfer results on synthetic CARLA dataset. Compared to
CelebA and Cat datasets, Cars have larger structure variations and larger deforma-
tions between different NeRFs, leaving learning accurate deformation on CARLA

dataset more challenging. Through the qualitative results, the texture transfer of



Chapter 3. DDF 39

N, — N; through DDF produces convincing correspondence across two NeRFs
that are largely different. The shared semantic components are matched to the
maximum extent and also preserve the original geometry pattern of NeRF N.
The texture transfer of the other direction N; — N is overall reasonable but pro-
duces mismatches in some regions with large deformations such as the car roof,

whose size varies evidently across different objects represented in NeRFs.

Uncertainty of Texture Transfer. In Fig. 3.8 we showed the uncertainty heat
map and the texture transfer results of the learned DDF'. After the training of DDF,
we conduct correspondence inference and calculate the feature similarity loss of the
correspondence points and the original points. The feature similarity loss £Z, = and
LE  Dbetween inferred correspondence points could be naturally interpreted as the
uncertainty of the learned correspondence. A low feature similarity loss denotes the
correctness of deformation and guarantees the visual effects of texture transfer. In
Fig. 3.8, we separately show the uncertainty maps corresponding to the backward
deformation B and the forward deformation F. As can be seen, the semantic
regions of the human face have a low uncertainty score, except for ambiguous
regions like hair. For Cat face, the overall uncertainty is low except for the regions
where deformations are large such as cat eyes and mouth. After DDF' converges,
the heat map could also serve as the confidence score of the dense correspondences

between two NeRFs.

3.2.3 Quantitative Results on Segmentation Label Propa-

gation

To demonstrate the quantitative performance of the learned dense correspondence,
following the previous method [66] we resort to segmentation label propagation as
the surrogate metric. Intuitively, a 3D point shall share the same segmentation
label with its correspondence point from another object with structure variations
if being deformed via an accurate correspondence algorithm. Thus, segmentation
label propagation could serve as a metric to inspect the performance of learned
correspondences. Similar to the texture transfer experiments discussed in Sec. 3.2.2,

here we conduct segmentation label propagation on the fine-grained human faces.

Different from explicit-based representations and SDF-based implicit representa-

tion [14, 65, 66], NeRF-based representation is designed for view synthesis and has
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no clear surface boundary, leaving it hard to directly evaluate the segmentation
accuracy in the 3D space. Therefore, we propose to conduct segmentation label
propagation in the 3D space and project the propagated labels in the 2D space
through volume rendering depicted in Eq. 3.1 for evaluation. We describe how we

conduct segmentation label propagation below.

Segmentation Label Propagation. For this task, we first render the front view
of our template NeRF N and provide it with the oracle segmentation map acquired
from a pretrained DeepLabV3 [5, 154] segmentation model. We refer to this front
view as the oracle image, as shown in Fig. 3.9(b). For an unlabeled test image
rendered from a NeRF, for each pixel, we cast a ray through this pixel and sample
96 points along the corresponding ray. For a point & along the ray, we use the net-
work B to query its correspondence point &’ in the template NeRF. The projected
segmentation label is thus regarded as the segmentation label prediction of Z. To
acquire 2D segmentation predictions for evaluation, we aggregate the predictions of
3D points by rescaling their voting contributions with the transmittance value 7'(7)
defined in Eq. 3.1. The whole segmentation process costs around 3 seconds for a
single image on a Tesla V100 GPU. Since we only use the oracle segmentation map

for the oracle image, we consider our approach as a 1-shot segmentation method.

Evaluation Settings. We com-
pare DDF with DatasetGAN [5], Co-
ordGAN [74] and GANgealing [155],
which are respectively the state-of-the-

art 2D GAN-based few-shot segmenta-

(a) DatasetGAN (b) DDF

FiGURE 3.9: Canonical segmen-
tation annotation for two 1-
on establishing 2D correspondences via shot segmenters. (a) Dataset-
9D CANs. GAN [5] and (b) ours. For Dataset-
GAN we choose the first annotated
image in their training set, and
for DDF we simply use the frontal
real images as input, following Zhang face of the Template for segmenta-

tion method and the concurrent works

Since DDF does not directly accept

tion transfer. For ease of compar-
ison, the segmentation annotations
of the Template are simply acquired
as a dataset and train a segmentation through an off-the-shelf pretrained
DatasetGAN segmenter, which al-
ready provides reasonable results.

et al. [5], we sample 10,000 image-

annotation pairs from pretrained GANs

model, as shown in Fig. 3.10. We eval-
uate the trained segmentation model
on the official DatasetGAN test set to
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FiGure 3.10: 3D consistent segmentation label transfer with novel
poses. Given an annotated projection of Template NeRF shown in Fig. 3.9(b),
we could derive view-consistent segmentation maps of other NeRF objects
through our method. Note that for instances missing teeth class (1st row and
2nd row, segment in white color), our method could still derive accurate corre-
spondences though the teeth class does not exist in the segmentation template.
This demonstrates that our method learns consistent 3D dense correspondence.

quantify the segmentation accuracy, which consists of 16 fine-grained annotated
10242 real-world images. For a fair comparison, we also train an 1-shot DeepLabV3
model as the baseline, which uses one annotated pair as the sampling source
(Fig. 3.9(a)) and follows the data generation pipeline of Zhang et al. [5]. Since
Zhang et al. [5] adopts pretrained StyleGAN under 5122 resolution on the FFHQ
dataset while our pretrained GANs are trained over 1282 resolution CelebA dataset,
all the test images are bilinear interpolated with a resolution of 1282 for evaluation.
We adopt the official implementation of DatasetGAN for data generation and use
the default settings for all the segmentation models training. The standard mIOU

is adopted as the segmentation evaluation metric.

Results. We show the quantitative results the test set of Zhang et al. [5] in
Tab. 3.2. As can be seen, our method achieves comparable performance with the
baseline, and even performs better over some classes like hair and nose, indicating
that our learned correspondences are accurate and smooth. We show the qualitative
results in Fig. 3.11. As can be observed, without relying on explicit segmentation

supervision, our method can perform 3D consistent segmentation transfer, which is
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FIGURE 3.11: Visualization of the 1-shot segmenter prediction. Starting
from the top row, we show the (a) The test set input image, (b) segmentation
prediction from DatasetGAN 1-shot segmenter, (¢) segmentation prediction from
GANgealing 1-shot segmenter, (d) segmentation prediction from DDF 1-shot
segmenter using 7—GAN as the base model, (e) segmentation prediction from
DDF 1-shot segmenter using EG3D as the base model and (f) the ground truth
segmentation annotation.

not possible with existing 2D correspondence baselines such as DatasetGAN 1-shot
segmenter. This is made possible by establishing plausible correspondence between
different semantic regions across NeRFs, despite their structure variations in 3D

space.

TABLE 3.2: mIOU scores of two 1-shot segmenters on DatasetGAN [5]
test set. The corresponding segmenters are trained over the synthetic dataset
generated by two methods. We show the performance of two versions of DDF
based on two generators pretrained on different datasets. The 1-shot segmenter
trained on our dataset is competitive against the counterpart which is trained in
high-resolution images, demonstrating the merit of the learned correspondence.

Method Mean IOU Eyes Mouth Nose Cheek Chin Hair Eyebrows Ears Jaw BG
GANgealing 1-shot segmenter 33.8 25.0 369 41.7 60.4 7.8 - 32.0 - 18.8  47.6
DatasetGAN 1-shot segmenter 56.9 405 62.6 525 61.6 655 724 59.6 49.0 164 81.4
DDF 1-shot segmenter 54.6 51.0 532 554 69.2 82.6 674 54.2 409 66.9 75.06

For further comparison with concurrent work that distills correspondences from
2D GANs, Tab. 3.3 presents the mIOU scores over two real-world datasets. Fol-
lowing [74], we train an encoder that predicts the source NeRF code Z; using the

techniques described in Sec. 3.2.6 and conducts feed-forward inference over the
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TABLE 3.3: IOU comparison for segmentation label propagation. Our
method achieves comparative performance with the 2D representation learning
method, and is the only method that supports 3D dense correspondence search-
ing over implicit functions. * means 3D aware.

Method CelebA-HQ DGAN-face
Swap AE [157] 24.73 5.48
MoCo [158] 36.19 10.00
VFS [159] 38.10 8.55
ResNet50 [160] 30.48 11.05
Pix2Style2Pix [97]  48.50 20.36
GANgealing [155] 46.61 19.35
CoordGAN [74] 52.25 23.78
DDF* 45.32 19.18
DDFecan 52.22 39.09

TABLE 3.4: PCK-Transfer on facial landmarks. Our method achieves bet-
ter performance compared to 2D geometry matching methods (row 1,2,3) and
competitive performance against SOTA 2D semantic matching method (row 4,5).

Methods Correspondence Type PCK®@0.05 1 PCK@0.01 T AEPE |
SIFT Flow [161] 2D Geometry Matching 92.7 32.9 5.22
GoCor [71] 2D Geometry Matching 87.9 24.8 6.24
GLU-Net [70] 2D Geometry Matching 90.0 30.4 5.78
VAT [73] 2D Semantic Matching 79.46 14.24 16.67
CATs [162] 2D Semantic Matching 99.98 55.07 2.82
Ours 3D Semantic Matching 95.0 41.6 4.47

input images. Our method outperforms 2D learning-based models on this task
and achieves competitive performance compared with Coord GAN, with the merit
of establishing dense correspondences in 3D space. Compared with building cor-
respondences over 2D pixels, establishing correspondences in implicit 3D space is
exponentially harder, as explained previously. Moreover, compared with mature
2D GAN families and toolboxes, the development of 3D GANSs is still in its early
stage. Equipping DDF with more developed 3D GANs, i.e. Chan et al. [156], can
potentially close the gap.

3.2.4 Quantitative Results on Keypoints Transfer

Though segmentation label propagation is an intuitive and well-adopted surrogate

metric for evaluating learned correspondence, we argue that quantitative evaluation
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FIGURE 3.12: Visualization of learned correspondences via landmark
transfer. For each triplet, we first predict 98 facial landmarks of the first column
acquired through an off-the-shelf model [6]. We deform the predicted landmarks
to the template through network B, and then further deform the landmarks on
the template to another sampled face through network F. We sample 3D points
near the surface of one NeRF and calculate the dense correspondence point on
the target NeRF with our deformation network. Please zoom in for details.

using this metric alone is contrived. Specifically, segmentation label propagation
is essentially a pixel-wise classification task, which means any errors in dense cor-
respondences within a segment will not be detected. Moreover, only network B
is used in the segmentation label propagation experiment, which could not quan-
titatively evaluate the forward deformation field F' in our method. Therefore, we
further evaluate our method via keypoints transfer [65], which is a regression task
with independent ground truth for each transferred landmark. In our context, this
task can be viewed as few-shot 3D facial landmark transfer learning with 1 sample

as training data.

For this task, as in the segmentation label propagation pipeline, we first use an off-
the-shelf facial landmarks prediction model [6] to label the template frontal view
image with 98 landmarks, which can be seen in the middle of Fig. 3.12. Since these
points are in the image space, we first unproject them back to the template NeRF
3D space by appending the corresponding depth values viewing these landmarks
positions, which we denote as Pims = {Z"*™198  After that, we resort to F

model and deform these unprojected 3D points to N; by F (féms(*), Z) = Fimst),

The deformed points fltms(*) are projected back to the image space as the transferred

2D facial landmarks of N.

Evaluation Settings We also compare our method with both 3D model-based
method (3DMM [152]) as well as current state-of-the-art 2D learning-based match-
ing method [70-72] as our baselines. We regard the output of a representative
landmark detector MTCNN [163] as ground-truth. For baselines, we also con-
sider the hand-crated descriptor SIFT Flow [161] as well as several learned de-

scriptors [70-72] that attain state-of-the-art performance on commonly used dense
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correspondence benchmarks (e.g., MegaDepth [164]). For the baselines, we use the
officially released models to conduct inference in our experiments. We employ the
Percentage of Correctly Keypoints (PCK) and Average End Point Error (AEPE)

as the evaluation metrics.

Results. We evaluate the performance over 5,000 randomly sampled human faces
with different view angles and show the quantitative results in Tab. 3.5. For all
the baselines, we adopt the pre-trained weights on SPair-7K [165] dataset for eval-
uation. At threshold PCK@0.01, DDF' achieves 41.6 against competitive geome-
try matching baselines. Comparisons against SoTA semantic matching methods,
VAT [73] and CATs [162], are also included. Specifically, CATs achieves better 2D
landmarks transfer performance while DDF holds the merits of 3D consistency.
Note that we attribute the worse performance of VAT to that it is mainly designed
for few-shot segmentation and may not generalize well on face landmarks transfer.

This result strongly supports the effectiveness of DDF'.

3.2.5 Ablation Study
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FIGURE 3.13. Layer-wise feature correlation between projected fea-
tures of two NeRF. The NeRFs are sampled from a pretrained m-GAN gen-
erator from shallow (leftmost) to deep (rightmost). Since 1—GAN generator
adopts an 8-layer MLP design appended with a view-dependent MLP layer, here
from left to right, we show the feature similarity heatmap from the 1st layer (3rd
column) to the 9th layer (last column) of the pretrained generator. We project
the features of 3D NeRF to 2D using Eq. 3.1 for better visualization. In each
row, a random 2D point from the source NeRF is selected to calculate layer-wise
feature similarity heatmaps with the projected feature map of the target NeRF.
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Selection of Generator Feature. In our work, we select multiple layers from
the generator as the training supervisions of the feature similiary losses depicted
in Eq. 3.5 and 3.6. Here we justify the intuition behind this. Different from the
feed-forward models [160, 166], generative models like GANs is trained to decode
information from a compact latent code. Therefore, features from earlier layers
should contain more high-level semantics information while later layers contain
more instance-specific texture information. To justify this intuition, we show the
layer-wise feature similarity heatmap between the projected 2D feature maps of N,
and N; over a pretrained m-GAN generator in Fig. 3.13. Specifically, given N; and
N;, we calculate the 2D feature maps by integrating the features of points along
each rays using the volume rendering equation depicted in Eq. 3.1 and get two
sets of features maps F, = RV*F*W+C and F, = RV*H*W*C where N = 9 is the
layer number of m-GAN generators. Given a 2D coordinate (u,v), we retrieve its
corresponding features F** € RV*¢ from the source feature maps F, and calculate

the cosine similarity with the target feature maps F; within each layer.

As can be seen, the generator features from different layers encode semantics from
different levels, where the semantics compactness linearly decreases as the network
goes deeper. Surprisingly, the early generator features are even robust under the
symmetric semantics such as the right and left corners of the eyes (3rd row). This is
an indispensable property in establishing dense correspondences where a 3D point
from the source left eye should not establish correspondence to points in the right
eye region of the target. Thus, we choose the normalized features from the first
5 layers as the supervision signals of the DDF', which encode unambiguous cor-
respondence information. This property has also been validated in 2D generative
models [155, 167, 168], where different layers of pretrained StyleGAN encode dif-
ferent types of information. Quantitatively, when only using the feature from the
final layer of T—GAN generator for DDF' training, the segmentation transfer per-
formance degrades to 43.79 on CelebA-HQ. Moreover, when only using the feature
from the first 7-GAN generator layer for training, DDF fails to converge.

Deformation Regularization Terms. We validate the efficacy of our regular-
ization terms in terms of qualitative results, including the cycle consistency term
and deformation smoothness term A smooth deformation shall yield high-fidelity
texture transfer results, while non-smooth deformation yields visual artifacts. To

construct a baseline for evaluation, we remove the correspondence deformation
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Source Image Baseline +Leycte NeRF NV, NeRF N, Baseline +Lsmootn
P I
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(b) The effectiveness of smoothness loss

(a) The effectiveness of cycle-consistency loss

FIGURE 3.14: (a) Rendering from the self-reconstructed point through
cycle deformation. From the left is the input image, reconstructed with
and without cycle-consistency loss. The deformation model trained with cycle-
consistency loss can perfectly reconstruct itself, while the one without cycle-
consistency loss leads to distortions. (b) Output from deformation network
trained without and with deformation smoothness loss. We demonstrate
the effectiveness of Lg,00tn Via texture transfer from A to B. The corresponding
optical flow is also included for visual evaluation. As can be seen, the lack of
smoothness regularization leads to distorted visual results. Better zoom in for a
better experience.

Input Inversion Inversion Novel Segmentation Texture Transfer

Image  Initialized  Result Views Transfer N N> N,

Ficure 3.15: Extending DDF to real images. To apply DDF to real-world
image, we first inverse the real-world images (1st column) into the latent space
of the 3D GAN (2nd and 3rd columns). Beyond novel view synthesis (4th and
5th columns), DDF also supports 3D consistent segmentation transfer (6th and
7th columns). Given the reference NeRFs (8th column), our method could edit
the texture of given identities without changing the overall shape. The first two
rows are visualized using m-GAN as the base model and the last two rows are
visualized using EG3D as the base model. For EG3D, we directly use E3DGE [7]
as the GAN inversion method to get the inversion result.

smoothness loss term and only apply supervision from the feature similarity loss on
network training. To evaluate the effect of cycle consistency regularization, we train
a baseline without cycle consistency loss term and visualize the self-reconstruction
as well as texture transfer results using the trained dual deformation field. As

shown in Fig. 3.14(a), cycle-consistency term encourages the consistency property,
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that after the forward and backward deformation a point from the source shape
will map to itself. Meanwhile, the model trained with cycle consistency term learns
less noisy deformation, which is essential when conducting downstream tasks such
as texture transfer. As shown in Fig. 3.14(b), without the deformation smooth-
ness regularization, the network tends to learn noisy deformation which leads to
distortions in the final rendering. Moreover, we also include the optical flow of the
baseline and our method for better qualitative evaluation, where the flow is calcu-
lated using RAFT [169]. As can be seen, our method produces smoother 2D flow
where the baseline without smoothness terms has visual artifacts on the calculated
2D flow.

For the second order cycle consistency regularization, we find it has similar effect

with Lgyqe in qualitative performance. Moreover, we set )\Z}ge = (0 and conduct the

segmentation transfer evaluation as in Tab. 3.2 and observe a mIOU degrade from

56.9 to 55.3, which validates Ezgfle could improve the deformation field performance.
TABLE 3.5: Quantitative results of regularization loss terms. We eval-
uate the quantitative ablation of the smoothness terms in the ablation study,
including the cycle loss, deformation smoothness and high-order similarity loss.

We adopt the criteria used in Tab. 3.2 and report the mIOU. We half the train-

ing iterations and report the best mIOU achieved via cross-validation. As can

be seen the cycle-based loss terms L’:yde achieves the best results under ap-
propriate weight, and the smoothness term Lg,00tn regularizes the deformation
performance with larger weight. Therefore, we choose the most balanced weight

on different dataset, as reported in Tab. 3.1.

Loss terms  Loyere  L£209.  Lomooth
A=1le—5 3834 3796 38.27
A=1le—4 38.72 38.23 37.92
A=1le—3 3847 38.15 37.86
A=1le—2 3839 3793 37.50
A=1le—-1 38.2 38.12 37.43

A=1 37.9 38.0 37.32

Curriculum Training. To show that our proposed curriculum training strategy
could help regularize the training and facilitate convergence, we report the values
of feature similarity loss over the evaluation set, with different curriculum steps
adopted during training. Using 16/128/1024/4096 steps the loss are respectively
0.455/0.410/0.310/0.287, which demonstrates the effectiveness of our method.
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3.2.6 Extending DDF to Real Images

Source Inversion “Make Up” via texture transfer from target NeRF and given mask

FiGureE 3.16: Mask-guided texture transfer over real cases. In the
second column, we show the projected image of the GAN inversion of the source
image. For mask-guided texture manipulation, we sample two synthetic NeRF
from the pretrained GAN (4th and 7th columns) and conduct texture transfer
guided by the foreground mask.

Training An Encoder for Inversion. To apply DDF real-world images, we use
two encoders, namely an encoder denoted by E(-,6g) to invert the input image
to the latent space of the NeRF-based GAN and another encoder represented by
E(-,0ppr) to invert the input image to the deformation conditions. Specifically,
rather than directly output the low-dimensional deformation code 2, here we follow
the observations of Tov et al. [98] which project the Z-space code Z'to the W+ space
for better performance. Since the NeRF-based GAN (i.e., m-GAN) already follows
this design, here we further augment each of the deformation fields with a mapping
function Mppp [143, 170]. During inversion, the corresponding encoders directly

output the W+ space modulations, i.e., E(I,0q) = B, v and E(I,0ppr) =

I I
BDDF? YDDF-

The encoders are trained in two stages. In the first stage, we train the encoder
E(-,0¢) where the output latent codes 8L, v/, are fed into the NeRF-based GAN to
render a replicate of the images I = G(8L, 7%, &r), where £; is the estimated cam-
era pose of the input image using an off-the-shelf pose estimator. After FE(-,60q)
converges, in the second stage we train the encoder E(-,0p) to output the cor-
responding deformations conditions B35, vL and BL,~4%L. Given the inverted la-
tent code B5,~v% of the input image, we conduct self texture transfer described
in Sec. 3.2.2 to replicate the input image. To stabilize training, we also include
synthetic samples from the pre-trained NeRF GAN as training data. Given a
latent code Z~pz, we get the paired modulations Bz, vz and synthesized image
I; = G(Z,€) under a random camera pose {~pg as training samples. Apart from
image reconstruction loss, the predicted modulations from E( -, 0p) are encouraged
to mimic the synthetic ground truth. We find the synthetic latent code regulariza-

tion could stabilize the deformation encoder training. Following Tov et al. [98], the
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encoders predict the offsets of the mean modulations of the corresponding mapping
function BFPE, 4PPF for better initialization. The overall training objectives are:
1) Image Reconstruction Loss: We utilize the pixel-wise £y as well as the LPIPS

loss Lyprps [171] as the image reconstruction supervisions:

Eimage = £2<Ia G(E(Iv 9G)7 61))

(3.12)
+ Lrpies (L, G(E(I,0q),&r)),

2) Latent Codes Regularization: We regularize the encoded latent codes to match

the pseudo ground truth latent codes distribution:

['latent = £2((/6z77z)7E(1279D)>~ (313)

Results. Here we show the texture transfer results over real images in Fig. 3.15.
As can be seen, our hybrid inversion method could faithfully reconstruct the given
real images without affecting the view synthesis ability of NeRF. Furthermore, with
DDF'; accurate 3D-consistent segmentation transfer and faithful texture transfer
become possible, which is beyond the reach of existing 2D methods. We further
show a mask-guided texture transfer applied over real cases in Fig. 3.16, which
shows the potential of our method over real-world applications beyond basic texture

transfer and segmentation labeling.

3.3 Conclusion

In this chapter, we propose to leverage a pre-trained NeRF-based GAN, m-GAN
in our case, to build dense correspondence between NeRF representations of dif-
ferent objects within the same category. The key insight is that the pre-trained
GAN possesses three important properties that can help alleviate the challenges
of this task, namely 1) instance-specific latent codes that holistically capture the
global structure of different NeRFs, 2) geometric-aware generator features that re-
flect local geometric details of different NeRF's, and 3) the manifold of NeRFs that
serves as a source of infinite NeRF samples. Based on the three properties, we
respectively propose a generalizable model, referred to as Dual Deformation Field,
a learning objective based on generator features that approximate geometric dis-

tances in feature space, and finally an effective curriculum training strategy that
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feeds samples with growing complexity. To the best of our knowledge, this is the
first method that tries to establish dense correspondence across NeRF representa-
tions. Our experiments demonstrate that dense correspondences between NeRF's
learned from our framework are accurate, smooth, and robust, making them ap-
plicable in various downstream applications. Moreover, since DDF' directly adopts
the latent code of GAN as the deformation condition, we believe our method could
benefit from later progress in this field and produce more natural-looking results

when applied to real images.

Though good performance is acheived, DDF still fails to support real-case inversion
and editing. In the next chapter, we will delve into the 3D GAN inversion problem,

which projects the monocular input into the editable 3D latent space.






Chapter 4

E3DGE: Self-Supervised
Geometry-Aware Encoder for
Style-Based 3D (GAN Inversion

This work aims to devise an effective and generic approach for encoder-based 3D
Generative Adversarial Network (GAN) inversion. Specifically, we focus on the
reconstruction of 3D faces, requiring just a single 2D face image as the input. In
the inversion process, we wish to map a given image to the latent space and obtain
an editable latent code with an encoder. The latent code will be further fed to a
generator to reconstruct the corresponding 3D shape with high-quality shape and
texture. Besides inversion, we aim to further develop an approach to synthesize
3D view-consistent editing results, e.g., driving a neutral expression to smiling, by

altering the estimated latent code.

GAN inversion [27] has been extensively studied for 2D images but remains un-
derexplored in the 3D world. Inversion can be achieved via optimization [28,
95, 101], which typically provides a precise image-to-latent mapping but can be
time-consuming, or encoder-based techniques [29, 97, 98], which explicitly learn
an encoding network that encodes an image into the latent space. Compared to

optimization-based methods, encoder-based techniques enjoy the benefits of faster

The work in this chapter has been published in [7].
Code is publicly available at https://github.com/NIRVANALAN/E3DGE
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inversion and better visual quality [29] when trained with a carefully deisgned
framework. In this study, we extend the notion of encoder-based inversion from

2D images to 3D shapes.

Increasing the additional dimension makes inversion more challenging beyond the
goal of reconstructing an editable shape with detail preservation. In particular, 1)
Recovering 3D shapes from 2D images is an ill-posed problem, where innumerable
compositions of shape and texture could generate identical rendering results. 3D
supervisions are crucial to alleviate the ambiguity of shape inversion from images.
Though high-quality 2D datasets are easily accessible, owing to the expensive cost
of scans there is currently a lack of large-scale labeled 3D datasets. 2) The global
latent code, due to its compact and low-dimensional nature, only captures the
coarse shape and texture information. Without high-frequency spatial details,
high-fidelity outputs cannot be generated. 3) Compared with 2D inversion methods
where the editing view mostly aligns with the input view, in 3D editing the editing
results are expected to perform well over the novel views with large pose variations.
Therefore, 3D GAN inversion is a non-trivial task and could not be achieved by

directly applying existing approaches.

To this end, a novel Encoder-based 3D GAN invErsion framework, E3DGE is
proposed, which addresses the aforementioned three challenges. Our framework

has three novel components with a delicate model design. Specifically:

Learning Inversion with Self-supervised Learning - The first component
focuses on the training of the inversion encoder. To address the shape collapse
of single-view 3D reconstruction without external 3D datasets, the generator of a
3D GAN model is retrofitted to provide us with diverse pseudo-training samples,
which can then be used to train our inversion encoder in a self-supervised manner.
Specifically, the 3D shapes from the latent space W is generated of a 3D GAN,
and then render diverse 2D views from each 3D shape given different camera poses.
In this way, many pseudo-2D-3D pairs can be generated together with the corre-
sponding latent codes. Since the pseudo pairs are generated from a smooth latent
space that learns to approximate a natural shape manifold, they serve as effective

surrogate data to train the encoder, avoiding potential shape collapse.

Local Features for High-Fidelity Inversion - The second component learns to

reconstruct accurate texture details. Our novelty here is to leverage local features
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to enhance the representation capacity, beyond just the global latent code generated
by the inversion encoder. Specifically, in addition to inferring an editable global
latent code to represent the overall shape of the face, an hour-glass model is further
devised to extract local features over the residuals details that the global latent
code fails to capture. The local features, with proper projection to the 3D space,
serve as conditions to modulate the 2D image rendering. Through this effective
learning scheme, the benefits of both global and local priors are married and achieve

high-fidelity reconstruction.

Synthesizing View-consistent Edited Output - The third component ad-
dresses the problem of novel view synthesis, a problem unique to 3D shape editing.
Specifically, though high-fidelity reconstruction is achieved through the aforemen-
tioned designs, the local residual features may not fully align with the scene when
being semantically edited. Moreover, the occlusion issue further degrades the fu-
sion performance when rendering from novel views with large pose variations. To
this end, a 2D-3D hybrid alignment module is proposed for high-quality editing.
Specifically, a 2D alignment module and a 3D projection scheme are introduced
to jointly align the local features with edited images and inpaint occluded local

features in novel view synthesis.

Extensive experiments show that our method achieves 3D GAN inversion with
plausible shapes and high-fidelity image reconstruction without affecting editabil-
ity. Owing to the self-supervised training strategy with delicate global-local design,
our approach performs well on real-world 2D and 3D benchmarks without resorting

to any real-world 3D dataset for training.

Besides studying 3D GAN inversion on MLP-based StyleSDF, this chapter further
renovates E3DGE as a generic 3D GAN inversion framework with the following
key improvements: 1) Representation-wise, the 3D inversion over tri-plane-based
GAN is explored, characterized by EG3D [1], the state-of-the-art GAN-based 3D
generative model. 2) Modality-wise, our proposed method is adapted over video in-
put, facilitating 4D monocular reconstruction. 3) Application-wise, a new practical

application of our method: 3D toonification. is included.

Since EG3D adopts a new 3D representation, it poses new challenges for 3D GAN

inversion: how to design an efficient and high-fidelity encoder-based inversion
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pipeline that leverages a triplane-based method. An observation in our experi-
ment is that, though with superior representation capacity, the tri-plane is more
sensitive to inaccurate pose during inference. To tackle this challenge, the fol-
lowing component for EG3D-based E3DGE is proposed: Pose estimation for
domain adaptation - This newly proposed component addresses the problem
of noisy poses of 3D GAN inversion over real images, which EG3D is especially
sensitive to. Specifically, though the aforementioned designs could achieve high-
quality inversion, the assumption that an accurate input pose is available at test
time is relied. However, though directly leveraging pseudo samples with ground
truth pose for training, the real inputs are inclined to pair with noisy pose labels,
which intensifies the domain gap between training and test. To bridge the gap,
the predicted pose during training is used with ground-truth poses supervising
the pose estimator. Besides, an option is provided to finetune the predicted pose
to boost the performance. Additionally, we conduct extensive experiments to as-
sess the new design elements of the extended EG3D-E3DGE. This includes both
qualitative and quantitative evaluations of the proposed pose estimator, hybrid
fine-tuning methods, and comparisons with relevant baselines. We also explore

new applications and extend inversion techniques to a broader range of categories.

To summarize, our main contributions are as follows:

e The learning of an encoder-based 3D GAN inversion framework for high-
quality shape and texture inversion is proposed. We show that with careful
design, samples synthesized by a GAN could serve as proxy data for self-

supervised training in inversion.

e An effective framework that uses local features to complement the global

latent code for high-fidelity inversion.

e An effective approach to synthesize view-consistent output with a 2D-3D

hybrid alignment.

e The joint training of a pose estimator to address the pose domain gap during

inversion.

e The proposed method is evaluated on two representative 3D GAN models,

showing its generalizability to different backbones.
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4.1 Methodology

4.1.1 Preliminaries

Since recent 3D-aware image generative models are based on neural implicit rep-
resentations, especially NeRF [2], here we briefly introduce the NeRF-based 3D
representation and also hybrid 3D-aware generation based on EG3D/StyleSDF for

clarification.

NeRF-based 3D Representation. NeRF [2] proposed an implicit 3D repre-
sentation for novel view synthesis. Specifically, NeRF defines a scene as {¢,o} =
Fg(Z,v), where Z is the query point, v is the viewing direction from camera origin
to @, ¢ is the emitted radiance (RGB value), o is the volume density. To query the
RGB value C(7) of a point on a ray r(t) = o + tv shoot from the 3D coordinate

origin o, we have the volume rendering formulation,
ty
cir) - / T(0)0(r(0)e(r(t), v)dr, (@)
tn

where T'(t) = exp(— j; ))ds) is the accumulated transmittance along the ray

7 from tn to t. t, and ¢t denote the near and far bounds.

Hybrid 3D-aware Generation. To achieve high-resolution novel view synthesis,
hybrid 3D-aware generators [1, 8, 22, 52| are proposed. It is typically a cascade
model G = G; o Go composed of a NeRF-based renderer G [21] and a 2D super-
resolution network G, as shown in Fig. 4.1. Both Gy and G follow the style-
based architecture [86, 172] to accept a latent code w to control the style of the
generated object. During generation, Gy captures the underlying geometry with
the full control of w and camera pose &, and renders a low resolution image x¢ and
an intermediate feature map F. Then, (G; further upsamples F to obtain a high-
resolution image « with added high-frequency details. Among them, StyleSDF [§]
adopts NeRF-based MLP as Gg for 3D-aware high-quality surface synthesis. In
comparison, EG3D [1] introduces axis-aligned plane [173] as G and achieves state
of the art performance on several benchmarks with faster rendering efficiency and
sharper geometry details compared against previous work [21] and StyleSDF. EG3D
also enjoys the flexible style control for semantic editing as in StyleGAN [86].
Therefore, in this work we mainly explore EG3D as the base model for GAN
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inversion study (Section 4.1.2). Our method is not limited to EG3D and could
be easily extended to other style-based 3D GAN variations [8, 22]. Please refer to
Sec. 4.1.7 for the technical details of StyleSDF-based E3DGE study.

4.1.2 E3DGE with EG3D Backbone

An effective 3D GAN inversion shall be

capable of 1) reconstructing plausible

3D shape given single-view input, 2)

maintaining high-fidelity texture, and

3) allowing view-consistent semantic
edits. To achieve these goals, we pro-
pose the E3DGE framework with three

novel components: In Sec. 4.1.3, we
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texture details for high-fidelity inver- EG3D. Given a sampled latent

sion; In Sec. 4.1.5 introduces a hybrid code w and a camera pose &,
StyleSDF [8] generates object SDF

d to depict the shape with the cor-
semantic editing; Finally, in Sec. 4.1.6 responding image x, while EG3D [1]
adopts density o as the shape de-

scriptor. Both methods adopt a
put camera pose and fine-tune the es- hybrid synthesis pipeline, where a

timated code to alleviate the domain low resolution image wg is first syn-
thesized, and further up-sampled to

high-res image x.

alignment module for view-consistent

we propose to jointly estimate the in-

gap for better performance on the real-

world inversion.
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4.1.3 Self-supervised Inversion Learning

In this section, we propose to mitigate the lack of large-scale high-quality 2D-3D
paired datasets by retrofitting pre-trained 3D GANSs to provide pseudo samples for
training our inversion encoder. We demonstrate the model trained from pseudo
samples can rival and even outperform the methods learned from real data on the

3D GAN inversion task. We detail the process as follows.

Global Encoder for 3D GAN Inversion. With the style-based G, we build our
encoder Eg based on pSp [97] for inversion. Given a target image z, Eq predicts its
latent code w = Fyg(z). Given the corresponding camera pose €, the reconstructed
image is obtained by 7 = G(w, €) to approximate z. In addition, we would like its

3D shape predicted by Gg to be plausible enough.

Distill 3D GANs as 3D Supervisions. Different compositions of shape and
texture could lead to identical 2D-rendered images. 3D supervision is needed to
alleviate such shape-texture ambiguity. In the lack of large-scale high-quality 2D-
3D paired samples, we formulate GAN Inversion as a self-training task, where
samples synthesized from itself are leveraged to boost the reconstruction fidelity in
both 2D and 3D domains. As shown in Fig. 4.1 and Fig. 4.2, we synthesize paired
3D shape information & and 2D image x from latent code w and camera pose &
using G to train Fy. To extract the 3D shape information S of each synthetic
shape, we first sample a point set P = {Pp, Pr} where Pn and Pz contain points
sampled from the surface and around the surface, respectively. Then, we calculate
the geometry descriptor o; and DEPTH; for each 3D point Z; € P, and S is
defined as the set of geometry descriptors of all 3D point in P:

S = {{o;, DEPTH,}/"|

ty (4.2)
tn

where o; is the density of point ;, DEPTH; is the depth of point #; under the
given view direction & and o is the density of the point along the ray. Note
our method is not limited to the triplane-based shape representation and can
be easily extended to SDF-based methods, as detailed in Sec. 4.1.7. Moreover,
given different camera poses, we can generate a diverse 2D-3D dataset to help

alleviate the shape-texture ambiguity, i.e., for each shape S, various images x =
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G(w,&) can be rendered by randomly sampling € from a predefined pose dis-
tribution pe. Finally, we define X = {S,€,2} as a training sample for Ep.

3D GAN-Supervised Training. As

shown in Fig. 4.2 (a), given a training

sample X', the forward process is repre-

(a) Self-supervised Inversion Learning

sented as:

[ (0@ E “(") i) W

VAV:E()(I') A=1— l V1m°

) 43) WEm ol T
Gor—awer @@ @

.. . (b) Local Feature Fusion for High-Fidelity Inversion
where w is the estimated latent code

and S = {{6;, DEPTH,}"| | & € P} FIGURE 4.2: E3DGE for 3D
GAN inversion. (a) We augment

is the estimated 3D shape information the training of the encoder Eo with

conditioned on w and P. 3D supervision Lge, for plausible
3D shape prediction. (b) We aug-
To achieve 3D supervision, for all ment the representation capacity of

the global latent code w with local
_ point-dependent latent feature f,
to approximate the ground truth S. for high-fidelity texture reconstruc-

Specifically, we supervise both the pre- tion. Both StyleSDF and EG3D
samples are shown here.

points we would like the estimated S

dicted density o as well as the depth
DEPTH [174] for surface points #; €
Po and supervise the predicted density

for the remaining points Z; € P, leading to the geometry loss:

i [Pol
1 . .
L8, =Ex Pl 2 Z A\, |6: — 0| + )y, |DEPTH; — DEPTH; |, (4.4)
- |PF|
E;;O =Ey |73 2 Z g |G — 0 (4.5)

Lgeo = LE +£f

geo geo?

(4.6)

where As are loss weights and supervision of depth DEPTH, is only imposed for
points over the surface. We also impose code reconstruction loss Lepge = ||W — W||2
to regularize the learning and 2D supervisions L,.. to minimize the reconstruction
error between Z and x as in pSp [97]. The overall loss is £ = Lgeo + Leode + Lrec
which is detailed in Sec. 4.1.8.
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(b) Feature fusion for novel view editing

FiGure 4.3: Hybrid alignment for high-quality editing. Given code pre-
diction w from encoder Eg pre-trained in stage-I, we aim to generate high-quality
view synthesis over the edited code Wegis. In (a), the local details A along with
the target edited image x.;, and depth map t,(W,&) are sent to pre-trained
Eapa to predict aligned residual A/ ... The original aligned residual A along
with the 2D auxiliary residual A, are processed by E7 to recover latent maps
F1, and Fapy for later fusion. In (b), the extracted features f1,(Z) and faopa (%)
are first fused together with a FiLM layer, and the fused result f'L(:E’) further
serve as conditions to modulate the global feature fo(#). The final modulated
feature f (Z) contains complete information, globally and locally. The volume
integrated F is sent to Gy for high-resolution synthesis.

4.1.4 Local Features for High-Fidelity Inversion

To facilitate the discussion in the following sections, we first take a look at the
details of EG3D. The unique design of EG3D lies in its 3D renderer Gy: after a
StyleGAN2 generator, the last layer of the synthesized feature maps are reshaped
into three orthogonal planes, e.g., tri-plane, where the queried features over three
planes are volume rendered into feature map F and view-consistent image x.
Specifically, E¢, extracts a global feature fg(7) = Eg,(Z,w). Based on fg, ¢,
and ¢ compute density o(Z) = ¢,(fc(Z)) and the last-layer feature f(Z,v) =
¢r(fa(Z),v) of Gy, respectively. f could be directly transformed to color ¢(Z,v) =
¢.(f(Z,v)) or being volume integrated to F and sent to G7 for high resolution
synthesis. For simplicity, we omit v in the following. The volume rendering process

is the same as StyleSDF, which is depicted in the middle of Fig. 4.1. The main
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difference of EG3D-based representation is that fg is decoded from tri-plane, while
StyleSDF decodes the global feature from a stack of MLP layers.

Local Feature for Detailed Textures. The global latent code w is a compact
representation of the predicted scene. However, previous works [29, 99] have vali-
dated that a low-dimensional latent code discards high-frequency spatial details and
fails to reconstruct high-fidelity outputs. This phenomenon becomes more severe
when lifting the 2D image to a 3D scene, which contains exponentially more infor-
mation. Inspired by recent progress in few-shot 3D reconstruction [3, 19, 175-179],
we propose to make up for the lost information by introducing pixel-aligned (local)
features. As shown in Fig. 4.2 (b), rather than conditioning all 3D points with
the same latent code w, we augment the representation capacity with local latent
codes f, that is dependent on each point Z. We introduce a local hourglass [180] en-
coder Fq to predict a residual feature map Fp, based on the reconstruction residue
A=x—1,

FL = EI(A>ts(VAV>€)>7 (47)

where t,(w, £) is the depth map of the scene derived from the predicted density o
to serve as 3D context information. Then, the local latent code of a point & is its

corresponding value in Fp:
fL(7) = Fo(n(7)) & PE(Z), (4.8)

where m maps the 3D point  to its corresponding pixel coordinate on 2D feature
map Fp. Since in 3D scenes, points along a ray will be projected to the same coor-
dinate on the 2D plane, to differentiate these points, we additionally concatenate
their positional encoding PE(Z) [2] in Eq. (4.8). In this way, the local feature fi,
only encodes the residual information at the projected position 7 (Z) but is also
capable of determining where the residual information lies in the 3D scene, as well

as inpainting the occluded areas along the ray.

Finally, we fuse the local latent code f},(Z) with the global latent code fg(Z) =
E¢, (7, W) to supplement the missing high-frequency details. Specifically, the fea-
ture fusion is based on Feature-wise Linear Modulation (FiLM) [181]. As shown in

Fig. 4.2, f,(¥) is fed into two MLP layers to obtain the scale and bias modulation
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parameters f'(Z) and £ (Z). Then we modulate fg(Z) with FiLM

fo (%) =FILM(fg (), f1.(7)) (4.9)
=17 (%) - fa (%) + £ (D).

The fused fg(Z) is volume integrated to F and the final high-fidelity reconstructed

image is obtained as & = G4 (F).

Note that through point projection 7, the reconstruction with local prior is not
limited to the original view, and naturally works for novel views. However, for
views with severe occlusions or additional editing, the residual features may not
fully align with the scene, leading to a failed feature fusion. We will address this

issue in the next subsection with our hybrid feature alignment.

4.1.5 Hybrid Alignment for High-Quality Editing

Though we achieve high-fidelity reconstruction with the aforementioned designs,
there is a trade-off between the input view reconstruction quality and novel view
editing performance. We first analyze the reasons behind and propose a hybrid

alignment module to address this issue.

Reconstruction Editing Trade-off. Given an input image = with paired recon-
struction Z and residual map A extracted from the input view £ with the aforemen-
tioned method, the reconstruction performance trade-offs the editing performance
due to the following two reasons. First, at test time when the input image is edited
Teqit O query view & # £, the residual map no longer aligns and is likely to result
in wrong predictions. Second, if we supervise the models to reconstruct the input
itself, the learned features are regressive rather than generative since all prediction
areas are visible in the inputs. With these above-mentioned challenges, though the
model could yield perfect reconstruction at training, it would result in noticeable

performance degradation when rendering from novel views at test time.

Hybrid Alignment for High-Quality Editing. To address the first challenge,
we propose to infer aligned features with a 2D-3D hybrid alignment. Specifi-
cally, given edited latent code Weqit, the initial novel-view edited image 7., =
Go(Wedit, &) is misaligned with A. Inspired by HFGI [29], we leverage a 2D align-

ment module Fapa to address the misalignment. As shown in Fig. 4.3 (a), we first
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obtain At = Eapa(A, Go(Weair, £)), transform it to residual feature map Fgdit
via Eq. (4.7) and retrieve the view-consistent 3D local feature fi, via Eq. (4.8).
However, to render the high-quality edited image #’,, from novel view &', F¢dit
might still suffer from occlusion due to large pose variations. To the end, we pro-
pose a hybrid alignment to further refine F§4* with the 2D aligned feature from
Eapa. Specifically, we align a 2D residue Al = Eapa(A, ZLy,) and retrieve its
corresponding fapa with Fy, which fills the occlusion in a 2D manner but lacks 3D
consistency. To marry the best of both, as shown in Fig 4.3 (b), we modulate fi,

with fADA7
fi.(#) = FILM(fL,(Z), fapa (%)), (4.10)

and further fuse f;, with fq(#) for final prediction,
B(#) = FILM (fa(2), & (7)), (4.11)

where f(Z) is then integrated to F for rendering the final novel-view edited image
Teain = GI(F>-

Novel View Training for Coherent View Synthesis. To address the second
challenge and enforce the model to learn generative features, during training, we
sample two views & and &; for each style code w, and render the corresponding
images x& and z%2. Then, we train the models to reconstruct plausible novel views,
ie., G(E(x%),&) ~ 1% and G(E(2%2), &) ~ 2% This training strategy facilitates

a high-quality view synthesis over edited scenes.

4.1.6 Pose Estimation for Domain Adaptation

Though the aforementioned strategy could effectively alleviate information loss
introduced by the capacity limitation of global latent code, in reality, we observe
FE is likely to fail when the input pose &€ is noisy. This may occur since we directly
adopt the ground truth pose & € X for training, thus the residual A is calculated
over the reconstruction & with the perfect pose. However, the pose of real-world
images estimated from COLMAP [182, 183] or pre-trained model [184] tends to be
noisy. In this way, the encoder E; could not handle the residual A caused by slight

pose misalignment.
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To alleviate this issue, we propose to jointly train a pose estimator E¢ over synthetic
samples X' and use the predicted pose é to calculate global reconstruction Tg =
G (W, &). The residual is calculated with A = x — ¢, and the remaining operations
defined in Eqgs. (4.8) and (4.9) stay the same. Apart from pose estimation loss
Lopose = ||€—£]|2, all the aforementioned loss functions in Sec. 4.1.3 are also imposed.
We demonstrate in the experiment that this operation is crucial for high-fidelity

inversion over EG3D.

Although our pose estimator could alleviate the domain gap between training and
testing, we observe that it still cannot fully derive the camera pose accurately
enough. Moreover, in some scenarios, the user trades off better fidelity with a
reasonable time cost. Therefore, we propose to further finetune the estimated pose
for a few steps in the test time, where the estimated identity code w could also
be finetuned together. Better quality is achieved via both test-time optimization
techniques, as validated in Tab. 4.1 and Fig. 4.9.

4.1.7 E3DGE-StyleSDF Backbone

E3DGE also supports adopting StyleSDF [8] as the base inversion model. Different
from EG3D, as shown in the middle of Fig. 4.1, StyleSDF G can be further divided
into four parts: a 8-layer MLP encoder E¢,, a SDF decoder ¢4, a feature decoder
¢ and a color decoder ¢.. To train E3DGE on StyleSDF, as shown in the upper
half in Fig 4.1 and Fig. 4.2(a), we synthesize paired 3D shape information S and
2D image x from latent code w and camera pose £ using G to train Fy. To extract
the 3D shape information S of each synthetic shape, we first sample a point set
P = {Po, Pz} where Po and Pz contain points sampled from the surface and
around the surface, respectively. Then, we calculate the geometry descriptor d;
and 77; for each 3D point 7; € P, and S is defined as the set of geometry descriptors
of all 3D point in P:

S = {{di, i}

(4.12)
fz' c P, dz = GO(W, fl), T_iz = Vfldz},

where d; is the distance from 7; to the shape surface and 7; is the surface normal

defined by the gradient of the distance w.r.t. Z;. Note our method is not limited
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to the SDF-based shape representation and can be easily extended to volumetric-
based methods [1, 21, 185].

To achieve 3D supervision, we would like the estimated S to approximate the
ground truth S. Specifically, for points over the surface, their distances and normal
are both considered while for points around the surface, we only supervise their

distance following [14, 178], leading to geometry loss:

i [Pol
1 5 5
Lo =Ex| 7 > Aaldil + Mgy 175 — i (4.13)
_|P0| i=1
i 1 Pl .
L7 =FEx| =Y A\l|d —d; 4.14
g X _|7D]_-| ZZI 93| |] ( )
Loeo =L+ L], (4.15)

where As are loss weights and d; = 0 for points over the surface. We also impose
code reconstruction loss L.oqe = ||W — W||2 to regularize the learning and 2D super-
visions L. to minimize the reconstruction error between # and x as in pSp [97].

The overall loss is detailed in Sec. 4.1.8.

Among them, StyleSDF [8] introduces the signed distance function (SDF) to serve
as a proxy for the density function o(Z) used for the volume rendering in NeRF.
Specifically, StyleSDF uses Gg to predict the distance d(Z) = Go(w,¥) between
the query point & and the shape surface, where the density function o(Z) can be
transformed from d(Z) for NeRF [2] to render. The incorporation of SDF leads
to higher-quality geometry in terms of expressiveness view-consistency and clear
definition of the surface. StyleSDF also enjoys the flexible style control for semantic
editing as in StyleGAN [86]. Therefore, in this chapter, we also use StyleSDF as
the base model for GAN inversion study. Please refer to the conference version [7]
for the technical details of our method based on StyleSDF. Note that our method is
not limited to EG3D/StyleSDF and could be easily extended to other style-based
3D GAN variations [22].

4.1.8 Training

Reconstruction Loss. On the reconstruction side, we adopt the same training

objectives as pSp [97] and provide a brief overview of the supervision methods
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employed for image reconstruction during both training phases. First, we apply

the commonly-used L, loss,

L2 (x) = ||z — |2 (4.16)

Additionally, we adopt the LPIPS loss [171], which has demonstrated superior

performance in preserving image quality compared to traditional perceptual losses:
Lrpes (v) = [|F(z) — F(2)]l2, (4.17)

where F(-) denotes the VGG network.

Moreover, to encourage better ID preservation with the input, we also introduce a

recognition loss based on the feature-wise similarity using ArcFace [186] network:
Lua (z) =1 = (R(z), R(E4(x))), (4.18)
In summary, the total loss function is defined as

Loce(x) = ML) + Ao Lrprps(x) + A3Lia(x),

where we set \y = 1, Ay = 0.8, A\3 = 0.1 as the defined loss weights. In Fj
training, we supervise images Zg, 21 of both resolutions. In F; training, we only
supervise the reconstruction of high-resolution images since the network weights to
render T is fixed. Here, We also apply a non-saturating adversarial loss with R1

regularization [144] to enhance the realism of the reconstructed images, defined as:

Ladw = — E[log(D(2))], (4.19)
Lp = Ellog(D(2))] + E[log(1 — D(x))], (4.20)
Lr1 = M|VD(&;0p)ll2, (4.21)

where fp represents the parameters to be optimized. In summary, the total loss is

a weighted sum of the previously described loss functions:

L= ['geo + [’rec + )\adv‘cadv + )\D['D + )\RlﬁRla (422)
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where we set A\p = Aggy = 0.01 and Ag; = 10 in the experiments. In general, L4,
encourages reasonable 3D geometry, L,.. encourages high-fidelity texture recon-
struction and identity preservation, and L,4,, Lp, and Lg; are adversarial training

objectives that encourages the naturalness of the rendered results.

4.2 Experiments

4.2.1 Implementation Details

Datasets. We mainly focus on the human face domain and use both 2D and
3D datasets for extensive evaluation. We leverage the 3D GANs pre-trained on
FFHQ [86] during training. For inference, to examine 2D reconstruction qual-
ity, we adopt CelebA-HQ [150, 187] dataset for source view reconstruction. To
further evaluate novel view synthesis performance, we synthesize 100 trajectory
videos from a pretrained generator as a proxy test set. For attribute editing, we
adopt InterfaceGAN [188] and Talk2Edit [189] to search for the editing directions.
To evaluate 3D shape reconstruction quality, we use NoW benchmark [190] that
provides a rich variety of face images with ground-truth 3D scans. Note that our

method does not rely on any external 3D data during the training process.

| 4

_ . v
Ours (Rec) pSp (Edit)

Input pSp (Rec)  ede (Rc) ede (Edlit Ours (Edit)
FIGURE 4.4: Qualitative comparisons on face reconstruction (Rec) and
editing (Edit) under novel views. Rec denotes ”Reconstruction” and Edit
denotes ”Editing”. Our method shows both faithful texture preservation and

plausible shape reconstruction compared to the baselines.
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Network Architecture Details. For Fy, a modified version of the pSp en-
coder [97] is deployed here for a fair comparison with existing work. For EG3D,
we introduce 14 prediction heads to the pSp for the latent code prediction. For
StyleSDF, since Gy and G of StyleSDF have 9 and 10 latent codes, respectively,
we introduce 9 + 10 extra prediction heads. We observe that early layers of Gg
control the geometry of generated samples, and later G layers as well as decoder
generator (G; control the texture and high-frequency details. Thus, we adopt the
early pSp feature map of resolution 32 x 32 to predict latent code of G for geometry
control, and pSp feature map of resolution 64 x 64 to predict latent code of G for
texture control. We use the highest resolution feature map of pSp with resolution
128 x 128 to predict the latent code for G;. We show our FiLM layer where the
input features are modulated by the input conditions with predicted v, and 5. The
MLP is implemented with two MLP residual blocks [3], which outputs o and f for

modulation, respectively.

Training Details. In this work, we directly use the officially released pre-trained
GAN models from EG3D and StyleSDF. In self-supervised shape inversion learning
(Sec. 4.1), due to GPU memory restriction, we sample 4 shapes per GPU each
iteration for training. After Ey converged, we fix the network weights and only
train the E; for high-fidelity inversion. For all the encoder models, we adopt
Adam optimizer with a learning rate of 5e — 5 to train the models on 4 NVIDIA
Tesla V100 GPUs, with a resolution of 5122, batch size of 24, and 48 samples along
a ray for the recommended 500K iterations. Following [175], we filter our invisible

3D points when training from a certain view.

To train the Pose Estimator Eg, we directly append a prediction head behind the
pre-trained global encoder Ey and output the spherical pose (6,¢) of the input
image. After the base inversion model is trained, we fix the remaining parameters
and train the prediction head over synthetic images for 50,000 iterations, which
takes four days over 4 V100 GPUs. The training takes 4 days for StyleSDF-E3DGE
and 7 days for EG3D-E3DGE. Code, dataset, and all pre-trained models are
publicly available at https://github.com/NIRVANALAN/CVPR23-E3DGE.
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TABLE 4.1: Quantitative performance on CelebA-HQ. ‘T’ and ‘S’ denote
the time for texture and shape inversion, ‘P’ denotes finetuning estimated pose,
and ‘P4+C’ denotes the finetuning both pose and code, respectively. For the
Time(s) column, we show the texture and geometry inversion time separately.
The last two rows describe the performance of test-time optimization, where
fine-tuning the pose (P) and code (C) further improves the quality. Note that
compared with E3DGE-StyleSDF, E3DGE-EG3D does not require post pro-
cessing to output depth.

Methods MAE | SSIM 1 LPIPS | Similarity Time(s) |
SG2siy1espr 202 +.063 650 4+ .054 167 + .046  .219 + .106 235
PTlsyespr ~ -062 + .012  .796 + .017 .027 + .005 .892 + .009 246
PSPsiglespF  -150 +.032 696 + .048 270 + .059  .498 + .099 29
edegiyleSDF 174 £ .049 669 £ .049 226 + .063  .252 =+ .107 29
E*DGEsyiespr -103 +.010 769 + .039  .136 + .039  .881 + .041  .45/.81
PSPEGSD 163 +.024 689 & .039 264 + .049  .455 + .096 0.29
ederasn 230 + .021 658 &+ .019 425+ .029  .316 + .068 0.29
SG2gasD 241 £ .019 671 &+ .014  .288 & .019  .434 =+ .037 100
PTIgqsn 079 £.005 .769 £ .012  .105 4 .011  .779 =+ .027 114
E3DGFEpgsp .084 + .012 .768 & .026  .163 + .017  .891 + .027 .38
E*DGEL.,, .076 +.004 .777 + .008 .153 + .005 .952 + .004 45
E*DGELZS) .064 +.003 .795+ .009 .115 + .005 .974 + .003 60

4.2.2 Quantitative Evaluation

For comparison, we implement two canonical encoder-based GAN inversion ap-
proaches on StyleSDF [8] and EG3D [1], i.e., pSp [97] and ede [98], which stress
reconstruction and editing quality respectively. Furthermore, we also implement
optimization-based methods including SG2 [86] and PTT [28] on EG3D and StyleSDF

for extensive comparison.

We report inversion performance for both source view reconstruction and novel view
synthesis in Tabs 4.1-4.2. For source view reconstruction, the metrics are calcu-
lated on the 2,824 images from CelebA-HQ test set [150]. For novel view synthesis,
the metrics are averaged from 100 videos generated from pre-trained 3D GANS,
each with 250 frames covering ellipsoid camera poses trajectory. For each video, we
randomly pick one image as source view input and the remaining images as ground
truths with labeled poses as query views. In this way, we could extensively eval-
uate the view synthesis ability under occlusions and varied input viewpoints. We
also compare E3DGE against two optimization-based methods, SG2 and PTI. As

shown in Tab. 4.1, our approach significantly outperforms encoder-based baselines
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in terms of reconstruction quality across two settings, while also achieving much
faster inference speed against optimization-based methods. Notice that we do not

include EG3D in Tab. 4.2 due to its camera pose being misaligned with StyleSDF'.

TABLE 4.2: Quantitative performance on Novel View Synthesis.

Methods MAE | SSIM 1 LPIPS |  Similarity 1
SG2suyiespr 284 &£ .025 572 + .006 244 + 031  .304 + .036
PTlsyespr 186 £.016 652 & .015 215 + .045 795 & .040
PSPsiylespr 201 &+ .010 634 & .005 285 & .029 559 + .043
edegyrespr (197 £ .016 597 &£ 011 212 4 .023  .297 + .058
E3DGE  .147 + .011 .694 + .018 .151 + .024 .901 + .012

4.2.3 Qualitative Evaluation

PTIspg

Oursggzp PTlggap
(Rec)  (Rec)  (Rec)  (Rec)  (Edity  (Edi)  (Edit) (Edit) (Edit)

PTIspp  Oursspr  Oursspr  PTlggap Oursggsp Oursgpp

Input

FIGURE 4.5: Visual comparisons on optimization-based methods. ‘Rec’
and ‘Edit’ represent reconstruction and editing, respectively. For edit-
ing, we change the ‘Smiling’ attribute for the first instance and ‘Age’ attribute
for the second instance. Besides, PTIggsp (column 7) with ”Smiling” editing
shows geometry-texture misalignment over the teeth, where the geometry fails
to show open mouth after editing. However, our E3DGEgg3p shows more co-
herent geometry and texture editing.

Encoder Baselines. We visualize both inversion and editing results against en-
coder baselines in Fig. 4.4. Geometry-wise, the baseline models without explicit

3D supervision tend to generate implausible intermediate shapes, a 3D plank that
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is only plausible from the input view. Besides, their reconstruction is not close
to the “ground truth”, and the reconstructed surface lacks details. Our method
successfully regularizes the intermediate 3D shapes and generates plausible results
with surface details and a more complete structure. For instance, our method re-
constructs plausible 3D with with faithful identity preservation. Though pSp also
preserves identity well, the reconstructed 3D depth is more flat. Although ede
shows better shape reconstruction, its reconstruction fails to maintain the input
identity. Corresponding metrics in Tab. 4.4 also validate the usefulness of the direct
geometry supervisions and loss designs. Texture-wise, existing methods often pro-
duce distorted outputs, suffering from artifacts and identity changes. In contrast,
by incorporating pixel-aligned features, our method is more robust, delivering high-
fidelity results. Specifically, it captures finer details and better preserves identity

across different input viewpoints.

To showcase the editing capablity, we select the ”Smile” attribute. Our method
consistently generates high-quality edited renderings, maintaining view consistency,
preserving details, and retaining identity, while also delivering accurate shape re-
construction and high-fidelity texture inversion. In comparison, baseline methods
either fail to render plausible novel views (column 5) or struggle to preserve the

input identity after editing (column 6), as highlighted.

Optimization Baselines. We also compare our method with the state-of-the-art
optimization-based methods PTI and SG2 in Fig. 4.5. We include the performance
of PTT [28] on both EG3D and StyleSDF for extensive evaluation. With more
than 100x faster inference speed, the proposed method achieves a similar inversion
quality. Besides, our editing results successfully preserve the local details with high-
fidelity novel view editing performance. Note that the inversion result of StyleSDF
tends to be inferior on 3D shape plausibility compared with EG3D, over both
encoder-based inversion and optimization-based inversion. Meanwhile, in PTI-
based editing, we notice the geometry-texture misalignment of PTIggsp (column 7),
where the ”Smiling” texture with teeth does not align with the geometry without
teeth. However, our E3SDGEggsp shows coherent geometry and texture editing,
which demonstrates our proposed method maintains more consistent semantics

during editing.

Video Inversion. The efficiency of the encoder-based method also empowers

video inversion and editing. Specifically, we experiment on HDTF [191] dataset
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FIGURE 4.6: Video inversion using E3DGE. As shown here, the EG3D-
based encoder shows better reconstruction texture quality, while StyleSDF-based
E3DGE shows smoother surface prediction. Note that we also include the depth
of EG3D-E3DGE for pose-aligned texture and shape comparison.

and conduct inversion on each frame using E3DGE. To allow for GAN inversion,
we first preprocess the video by cropping the face from each frame using the orig-
inal alignment standard adopted by StyleSDF and EG3D respectively. To reduce
oscillation between frames caused by aligning each frame individually, we smooth
the affine transformation of each frame within a small sliding window using a mean
filter. This operation effectively improves the visual consistency of inversed video

without violating the alignment bias of pre-trained GANs.

We visualize the video inversion results in Fig. 4.6. As can be seen, E3DGE shows
consistent video inversion with high-quality texture and geometry. Compared with

StyleSDF-based E3DGE, the EG3D-based E3DGE shows consistently better tex-

ture and shape reconstruction quality.

4.2.4 Ablation Study

Effect of 3D GAN as Supervisions. We quantitatively validate the effects of
3D supervision in the NoW Challenge validation set and report the corresponding
metrics in Tab. 4.4. Compared with 2D supervision only, adding 3D supervisions

greatly improves the reconstruction quality. We also validate the benefits of all loss
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TABLE 4.3: Ablations of Local Features and Hybrid Fusion. Our local-
global model design with hybrid alignment achieves the balance of high-quality
reconstruction and view synthesis.

Source View Reconstruction ‘ Novel View Synthesis
Ablation Settings MAE | SSIM 1 LPIPS | ID ‘ MAE | SSIM + LPIPS | D 1

.241 £ .011 594 £ .008  .366 &+ .059 .770 £ .026
282 £ .103  .571 £ 0.056 .511 £ 0.031 .608 £ .123

Synthetic Training .245 + .024 .634 £.019  .333 £ .029  .369 + .056
+Local Features ~ .074 £ .007 .811 + .015 .075 £+ .010 .953 + .006

+2D Alignment .098 £ .005 .774 £.038  .140 & .040  .900 + .032
+3D Alignment 102 £.009 772 £.015 119 &£ .016  .818 £ .029

EIEIE)

Input Raw 3D Align 3D Align 2D Align Hybrid Align

178 £.007 656 £ .009 .178 & .012 .895 + .018
.150 + .011 .689 £ .022 .140 £+ .021 .891 &+ .011

FIGURE 4.7: Ablation of Hybrid Alignment. From left to right, we show
the novel view synthesis of raw 3D-aligned features w/wo novel view training,
synthesis achieved using 2D-aligned features, and the final hybrid features. 3D-
aligned features are view-consistent but suffer from occlusions (circled), while
2D features are visually plausible but lack some details (e.g., hair color). Our
hybrid fused results share the best of both.

terms in Fjy training. Note that EG3D-based E3DGE achieves worse performance
against StyleSDF-based E3DGE, which demonstrates that EG3D achieves better

visual quality at the price of less-accurate geometry surface.

Effect of Local Features. As discussed, the local features preserve the image
details to facilitate high-fidelity reconstruction. To validate the effectiveness of
local features in texture reconstructions, we show the inversion results in Fig. 4.8.

With the proposed local-global fusion pipeline, our model captures more details

TABLE 4.4: Effect of 3D Supervisions on the NoW Challenge.

Settings Median| Mean| Std
pSpStyleSDF 1.97 2.43 2.05
e4eStyleSDF 2.83 3.40 2.67

E*DGEsyesor + L2, 1.75 211 1.72
E*DGEsyesor + L2, 1.71 2.00 1.70
E*DGEsyesor + Looge  1.66  2.06  1.69

E3DG Eraap 2.29 2.83  2.31
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FIGURE 4.8: Ablation of Local Features.

Our method with pixel-aligned

features shows photorealistic reconstructions.

and guarantees photorealistic reconstruction. Quantitative results in Tab. 4.3 also

validate the effectiveness of local features in high-quality inversion. The results

on the video trajectories also show that without delicate design, e.g., novel view

training, local features would fully collapse over novel view synthesis.

Effect of Hybrid Alignment. We
show the view synthesis achieved by dif-
ferent alignment methods in Fig. 4.7.
To quantitatively analyze the effect of
hybrid alignment, in Tab. 4.3 we evalu-
ate the model performance of 3D align-
ment and 2D alignment individually.
For both ablations, novel view train-
ing is enabled. As shown here, the 3D
alignment model shows better view con-
sistency in video prediction measured
by reconstruction metrics, and the 2D
alignment model shows better identity
preservation. The hybrid alignment
model marries the best of both and also

enables semantic editing and yields bet-

999999
WK

kb
909.9.9.89
$60696

Ablation + Pose + Pose + Code
Baseline Estimator Finetune Finetune

Input Oursgpp

FIGURE 4.9: Ablation of Hy-
brid Alignment. By introducing
the pose estimator and further fine-
tuning the pose and latent code,
E3DGE achieves better inversion
with fewer visual artifacts. Better
zoom in.

ter reconstruction performance on the video predictions.

Effect of Introducing Pose Estimator and Hybrid Optimization. We show

the inversion results achieved by different pipelines in Fig. 4.9 and quantitative
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analysis in Tab. 4.1. Though EG3D-E3DGE preserves more texture details com-
pared with StyleSDF-E3DGE (column 2), adopting EG3D as the base model in-
troduces more obvious misalignment issues due to the nature of tri-plane, and
introducing a jointly trained pose estimator could alleviate this issue during in-
ference. Furthermore, finetuning the predicted camera pose and latent code could

further boost the performance.

4.2.5 More Results

E3DGE on Other Categories. Besides FFHQ), the performance of the proposed
method on AFHQ-EG3D (Fig. 4.11) and ShapeNet-StyleSDF (Fig. 4.12) is further

visualized.

As can be seen, E3DGE also achieves high-quality shape and texture inversion on

both cats and chairs, demonstrating the generalizability of our method.

3D Toonification. After training the E3DGE encoder, we show that our method
could be directly applied to 3D stylization. We show 3D toonify-stylized results
over real-world faces using our proposed method in Fig. 4.10. Following [192],
we finetune the pre-trained generator GG for 400 iterations with 317 cartoon face
images and use our pre-trained encoder FE for inference. Visually inspected, the
toonified results hold the cartoon style and also preserve the identity of the input
image, which demonstrates the potential of applying our method over downstream
tasks. Moreover, the toonification of StyleSDF-E3DGE shows richer 3D details
compared with EG3D-based E3DGE.

Computational Cost. We include the computational cost of each component in
the table below.

TABLE 4.5: Model parameters and computational cost evaluated with MACs.

Component Ey (pSp) Ey Eapa
Parameters(M) 219.71 14.06 0.60
MACs(G) 62.95 26.07 1.03
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4.2.6 Comparisons of Inversion with MLP and Triplane-
based 3D GANs

In this work, we have extended E3DGE from MLP-based 3D GAN model [8] to
triplane-based variant [1] and demonstrated the generalization of our design. How-
ever, as discussed before, EG3D-based inversion has its new challenges and does
not outperform StyleSDF in every perspective. Here we provide our comparisons

of conducting 3D GAN inversion on these two representative model architectures.

Regarding the advantages of inversion
on triplane-based 3D GANs, we con-
clude that 1) higher fidelity can be
achieved on EG3D as the triplane offers
more representation capacity compared
to MLP-based counterparts. As shown
in Fig. 4.5, inversion of the same input
over EG3D yields better 3D and tex-
ture details compared with StyleSDF;

2) better 3D inductive bias offers more , :
robust and flexible inversion. Specif- Ourssiyteor Oursggsp
ically, noticeable shape artifacts are FIGURE 4.10: Toonification us-
observed when applying 2D inversion ing E3DGE. From left to right,

. we show the toonification result of
methods like pSp, ede, and PTI on E3DGE based on StyleSDF and

the StyleSDF backbone, as shown in EG3D.

Fig. 4.5. However, thanks to the tri-

plane’s strong 3D inductive bias, directly applying 2D inversion methods yields
higher-quality performance with plausible shape and textures reconstructed. This
also offers the hybrid inversion option, which improves E3DGE’s prediction by
optimizing the inversed latent code within acceptable overhead without affecting

the shape plausibility, which could not be guaranteed by StyleSDF.

However, the superior performance of gmmmg
triplane comes at a cost with observed [

Input  Reconstruction Novel View Synthesis

limitations as the following: 1) Triplane
is more sensitive to pose alignment is- FIGURE 4.11: The inversion and

view synthesis results of AFHQ

sues, e.g., when the estimated pose is cat
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not accurate enough, the inversion of

E3DGE is likely to fail, as shown in Fig. 4.9. Including an extra pose estimator
during training and further finetuning the estimated pose can alleviate this issue.
2) In contrast to StyleSDF, EG3D has more complex latent space and the accurate
latent code cannot be accurately acquired via a feed-forward prediction. Further
optimization of the estimated poses and latent codes is required to achieve the
expected performance in some challenging cases. 3) Training E3DGE on EG3D
requires more time to converge, i.e., 7 days compared with 4 days of StyleSDF,
which is reasonable due to the increased model capacity and fidelity. Once trained,
our model can amortize the inference time on a series of downstream applications.
4) As shown in Tab. 4.4, EG3D-based E3DGE achieves worse performance against
StyleSDF-based E3DGE, which indicates that EG3D achieves better visual quality

at the price of less-accurate geometry surface.

Overall, triplane-based 3D rep-

resentation has shown great ’ h 'T ‘ 'W N_‘ gl% ’ "w

potential and it is worthwhile Input  Novel View Rec Input  Novel View Rec

to study encoder-based inver-
Ficure 4.12: E3DGE qualitative per-

. . . . ,
sion on it.  With triplane’s formance on ShapeNet Chair.

unique advantages and affili-
ated limitations, we hope our study could inspire the research and industry com-
munity to choose a suitable representation of their tasks. We also hope our work

could motivate future research on improved 3D representations.

4.3 Conclusion

This chapter proposes a novel 3D GAN inversion framework E3DGE for 3D GAN
inversion and editing. We marry the benefits of both self-supervised global prior
and pixel-aligned local prior for high-quality shape and texture reconstruction. A
hybrid alignment that bridges the best of 2D and 3D features is further proposed
for view-consistent editing. Benefiting from the overall system design, the proposed
method has advantages in terms of both high fidelity and editability. As a pioneer
attempt in this direction, we believe this work opens a new line of research direction
and will inspire future works on 3D GAN inversion, few-shot 3D reconstruction and

3D-aware learning from 2D images.
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Chapter 3 and 4 have demonstrated the significance of designing suitable algorithms
to expand the generality of neural fields. The following chapter turns to explore
the design of 3D generation framework for both domain-specific 3D generation and

general objects 3D generation.






Chapter 5

Loc3Diff: Local Diffusion for 3D
Human Head Synthesis and
Editing

Generating and editing photorealistic portraits is one of the cruxes of computer
graphics and has tremendous demand in downstream applications, such as em-
bodied AI, VR/AR, digital games, and movie CG. Emerging 3D-aware GANs [1,
21, 22, 30, 31] have achieved great success in generating high-quality multi-view
consistent portraits with volumetric rendering [2]. Editing capabilities for 3D-
aware GANs have also been achieved through latent space auto-decoding, altering
a 2D semantic segmentation [32, 33], or modifying the underlying geometry scaf-
fold [34]. However, generation and editing quality tends to be unstable and less
diversified due to the inherent limitation of GANs, and detailed-level editing is not
well supported due to feature entanglement in the compact latent space or global
tri-plane representations. Recently, diffusion models [35, 36] have been proposed
for high-quality content generation, achieving competitive performance compared
to traditional GAN-based approaches [37]. Efforts have been made on 3D-aware
portrait generation by de-noising the global tri-plane representation [23, 38], which,

however, do not support animation and region-based editing.

The work in this chapter has been published in [17].
Code is publicly available at https://nirvanalan.github.io/projects/gaussian3diff/
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This chapter presents LN3DIFF, a diffusion-based generative model designed for
3D volumetric head. This model enables unconditional generation while offering
versatile capabilities for flexible global and fine-grained region-based editing, such
as change of face shape, expression, or appearance. As the core of our model,
a novel representation of the 3D head is proposed, in which complex volumetric
geometry and appearance are encoded by a large set of local tri-planes, anchored
on the surface of an underlying 3D Morphable Face Models (3DMM) [193]. Each
tri-plane is modulated by a 3D Gaussian, refining its position, orientation, and
scale, thereby controlling its influence within the 3D space. By anchoring the tri-
planes to the 3DMM, each tri-plane and its Gaussian parameters can be projected
onto the 2D texture map. This discrete 2D UV format ensures compatibility with
the well-studied 2D diffusion frameworks [37, 53].

Through a diffusion process on the UV space, LN3DIFF can generate these UV-
anchored local tri-planes and eventually create diverse high-quality head avatars.
Due to its rich semantic connection with the 3DMM model, a tri-plane at each lo-
cation of UV space represents a similar facial region and contains semantic-aligned
features across different identities. Leveraging this key attribute, LN3DIFF excels
in geometry and appearance editing, which distinguishes it from other generative
head models. The shape and texture can be separately interpolated across iden-
tities at global or local scales, by swapping Gaussian-modulated tri-planes at the
corresponding areas on the UV map. The shape and texture separately transi-
tion across identities at global or local scales by linearly interpolating Gaussian-
modulated tri-planes at the corresponding areas on the UV map. Moreover, by
resampling tri-planes at selected regions through diffusion, LN3DIFF can seam-
lessly achieve fine-grained editing tasks such as local region-based editing and 3D

in-painting with outstanding visual quality.

To train the diffusion network, creating semantically consistent tri-plane ground-
truth is a non-trivial challenge. This chapter proposed a novel approach that
simultaneously reconstructs large amounts of 3D heads in our representation by
learning a shared latent space via an auto-decoder [14] with multi-view supervi-
sion. Our main difference with per-example fitting [23, 38] methods is adopting a
heavy shared decoder to decode the latent space to the tri-planes across multiple

identities. Empirically, it is found that the jointly optimized shared latent space



Chapter 5. LOC3DIFF

83

encourages the alignment of the local tri-planes’ features and Gaussian parame-

ters across identities, which is essential to support identity interpolation (Fig. 5.4),
3DMM reanimation (Fig. 5.6) and the success of diffusion training (Sec. 5.1.2).

Our contributions are summarized as follows:

e A novel representation for animatable 3D volumetric head - 3D Gaussian-modulated

local tri-plane on 3DMM UV space, which naturally supports flexible editing at

global and local scales.

e An auto-decoding-based fitting algorithm to generate training data in our repre-

sentation and show it benefits diffusion model training.

e Extensive experiments demonstrate that LN3DIFF exhibits superior reconstruc-

tion and generation quality, as well as capabilities in various tasks such as shape-

texture transfer, 3D inpainting, 3DMM-based editing, and region-based editing.

5.1 Methodology

We propose LN3DIFF, a comprehen-
sive framework designed for the re-
construction and generation of photo-
realistic 3D human heads with exten-
sive editing capabilities. To fulfill this
objective, we introduce a novel 3D
head avatar representation in Sec. 5.1.1.
This representation leverages local tri-
planes modulated by 3D Gaussians to
effectively encode geometric and textu-
ral information in local regions. Criti-
cally, the local tri-planes are anchored
to a 3D Morphable Model (3DMM), al-
lowing for the parameterization of 3D
volumetric data into the 2D texture
space. This facilitates the application

of a 2D diffusion model for the editing

9+3XSy XSy XC

Tri-planes in 3D

c
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Blending *

Tri-planes C @ R
in UV space amera Ray r Output
FIGURE 5.1: During volume ren-

dering, tri-plane payloads in UV
space are projected onto 3D space
with Gaussian pose parameters. For
each shading point, we query the
texture and geometry information
from the three nearest payloads,
with influence strength defined us-
ing a radial basis function (RBF).
The low-res 2D rendering is then up-
sampled with a CNN-based super-
resolution network.
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process. In Sec. 5.1.2, we illustrate the diffusion-based avatar editing framework.
Initially, we delineate our analysis-by-synthesis approach that concurrently recon-
structs a large number of avatars 3D heads of different expressions and identi-
ties/appearance and learns a shared latent space through multi-view supervision.
This ensures that the learned representations of all avatars encapsulate crucial mu-
tual information. Subsequently, we account for the training of a 2D diffusion model

that generates 3D heads with neutral expression.

In Sec. 5.1.3, we discuss the editing mechanisms to showcase the capabilities of the

proposed method.

5.1.1 Avatar Representation

Local Tri-planes in 3D Gaussians. Existing methods represent a 3D head with
a global representation [23, 33, 61, 62, 146, 194], where either a single MLP [61, 62,
146, 194] or a tri-plane [23, 33] is employed to encode the entire neural radiance
field. However, the global-based representation limits the region-based editing abil-
ity and cannot be directly driven by the parametric models [75, 104, 195]. Inspired
by previous work [196-198] on representing radiance fields with local primitives, we
propose to represent a 3D human head as a set of local tri-planes, each modulated
by a 3D Gaussian initialized from a 3DMM. Specifically, the position, orientation,

and scale of each tri-plane can be efficiently modeled using a 3D Gaussian.

To elaborate, each 3D Gaussian-modulated tri-plane G; = {u;, %;, P;} is charac-
terized by 9 pose parameters and a payload - a 3D center u,;, 3 axis-aligned radii
and 3 rotation angles parameterized by a 6-DOF covariance matrix ¥;, and a tri-
plane payload P; € R3*%*5:XC  These pose parameters define the local coordinate
transform from the world space to the tri-plane space, as well as the influence
strength. Each point x in the world space can be mapped to the canonical local
space according to the 3D Gaussian’s center g and rotation following [199, 200].

The influence strength is defined as an analytic radial basis function (RBF):

o) =exp (5 x-S x - ). 5.1)
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Given an object integrated by local tri-planes, we can render any view with volu-

metric rendering [2]:
J j-1
= ZTjajcj,Where T; = H(l — ). (5.2)
j=1 I=1

where C’(r) is the rendered color from the ray r, 7j is transmission at the j-th
sample along the ray, «;, c; are the opacity and color of the sample, and J is the
total number of samples along the ray. To efficiently compute ¢; and «; of each
sample point x;, we only query K nearest tri-planes G, measured by the Euclidean
distance to the Gaussian centers pi. The queried features are transformed to
the corresponding R* values via a shared tiny rendering MLP ¢. We then take a

weighted average of the k individual color and opacity:

K
cj = ng (xj)Cjk, 00j = ng (%) k, (5.3)
k=1

gk(xj)
S gr(xk) + €

where §i(x;) = (5.4)
where c;; and «; ) represent the color and opacity of point x; queried from a tri-
plane Gi. gx(x;) denotes the normalized inference strength and e serves as a factor
allowing smooth decay. Note that we do not normalize g;(x;) when computing
opacity «;. This choice allows the opacity «; to naturally decay in empty space.
This strategy acts as a window function [201], encouraging the tri-planes to focus

on the local surface region.

Our approach is thus more efficient than previous 3D Gaussian-based represen-
tations [200, 202] that require millions of tiny blobs where each only stores the

spherical harmonic (SH) coefficients and opacity value.

UV Space Representation. By anchoring tri-planes on a 3DMM, each tri-
plane now corresponds precisely to a specific 2D location on the texture map.
Consequently, these tri-planes stored on the UV space can be processed with the U-
Net-based diffusion framework [39]. Furthermore, the semantically aligned texture

map facilitates a range of editing operations.

Specifically, following previous work on the dynamic avatar reconstruction [196],

we first register a 3DMM model, e.g., FLAME [104] for each identity instance
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F1GURE 5.2: Pipeline of learning 3D head generation. Top: An autoencoder is
trained to generate tri-planes modulated by 3D Gaussians in UV space from a
dataset produced by a pretrained 3D GAN; Bottom: a diffusion model is trained
by a diffusion and denoising process on tri-planes with Gaussian parameters
represented in UV space, generated by the auto-decoder trained in the previous
step.

generated from pretrained 3D GAN. Vertices on fitted 3DMM model can be di-
rectly rasterized onto the UV space, where a local tri-plane is attached to each
rasterized vertex. Specifically, we rasterize the 3DMM mesh vertices to the UV
space, where each texel on the UV space anchors a flattened vector including the
tri-plane embeddings and its 3D Gaussian parameters. Besides, each tri-plane’s
position, orientation, scale and blending function is efficiently modulated by the
corresponding 3D Gaussian. We utilize the vertex positions and face normals to
initialize the centers p; and the rotations of 3D Gaussian-modulated tri-planes.
The axis-aligned anisotropic scaling is initialized proportionally to the area of the
corresponding faces on the mesh. Moreover, to maintain flexibility over regions
such as glasses and hair, all of the Gaussian parameters are allowed to be opti-

mized during reconstruction.

The overall trainable parameters of each identity consist of local tri-planes over the
UV grid: P € REXWx3x8:x8xC "and the corresponding 9-DOF Gaussian parame-

ters: p € RITWx3 and 3 € REXWX6,
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5.1.2 Learning 3D Head Generation

Reconstruction 3D Heads with an Auto-Decoder. To effectively train the
diffusion model, it is essential to have a large dataset of high-quality photorealistic
3D head assets. To address this issue, we employ the DatasetGAN [7, 16, 114]
paradigm and utilize Panohead [31], a state-of-the-art 3D GAN for generating hu-
man heads, as our data generator. This approach enables us to prepare a sufficient

number of 3D assets for local tri-plane fitting and diffusion training.

Fitting 3D assets individually involves costly reconstruction over dense multi-view
images from scratch, making it data-intensive and inefficient. To overcome this
challenge, we adopt an auto-decoding design [107, 203, 204] that learns a shared
decoder to reconstruct 3D heads by optimizing a latent code from multi-view im-
ages. Specifically, each 3D instance is associated with a latent code z € R>'? during
the optimization process. This latent code can be decoded into the local tri-planes
in UV space through a convolutional decoder D : R?'2 — RIXWx3x5xSyxC " {Jp]jke
previous work [23] that fits tri-planes independently, our shared decoder is trained
from multiple instances, enabling faster convergence and improved generalizability.
Furthermore, decoding all local payloads from a shared decoder results in a smooth

latent space suitable for diffusion training.

Similar to PanoHead [31], to reduce the memory consumption and computation
cost, we render the color image in low resolution from 3D Gaussian tri-planes and

upsample them to high resolution with a super-resolution module.

During the training process, we jointly optimize all network parameters and the
latent code. The loss function is decomposed into RGB loss, opacity regularization,

and latent code regularization.
L= £rgb + ﬁreg + Ecode' (5’5)

where Lz, is the RGB loss measured with L1 and LPIPS [171] between the syn-
thesized color C' and the ground truth color C' within each patch, L,es regularizes
a compact 3D representations and L .qe penalize the norm of the latent code given

a normal prior [203]. More details can be found in supplementary materials.

Local Tri-plane Diffusion in the UV Space. After the local tri-planes are pre-

pared in UV space, we could learn a diffusion prior on the tri-planes with Gaussian
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parameters in UV to support 3D avatar generation. Specifically, a diffusion model
generates data by reversing a gradual destruction process. This process typically
involves adding Gaussian noise over time. The process can be expressed using

marginals ¢(G;|Go), defined by:
q(Gt|Go) = N (Gt|euGo, UtQI) (5.6)

Here, oy, 0, € (0,1) are hyperparameters between 0 and 1 that control how much
signal is destroyed at timestep t. Commonly, a variance-preserving [35] process
is used where af = 1 — o7. Before training diffusion model, Gy is set to neutral
expression. This allows the generated samples can be easily manipulated using the

expression basis [104].

Input Reconstruction Expression Editing

FIGURE 5.3: Auto-Decoder Results. With the design of local tri-planes on
3DMM, our auto-decoder D yield high-quality and view-consistent reconstruc-
tions. Moreover, LOC3DIFF intrinsically support novel expression animation
by moving the positions of the tri-planes. Note that we do not rely on multi-
expression dataset during training.

Forward Process. Assuming the diffusion process is Markov, the forward tran-
sition is given by:

q(gt‘gs) - N(gt|atsg87 O-tZSI)u (57)

where ays = ay/as and o, = 0f — aj 07 and t > s. To improve the performance of
the diffusion model, which favors narrower input channels [39], we unfold local tri-
planes onto UV space along the x and y dimensions. This operation reshapes the
Gaussian parameters on UV from R XWx(943x8:x8yxC) tq R(Hx5y)x(WxS:)x(9+3xC)
and the 9-DOF Gaussian parameters are replicated S, x S, times within each local

tri-plane during the unfolding.

Denoising Process. Conditioned on a single datapoint G, the denoising process

can be written as:

Q(gs‘ghgo) :N(gt’l"'t%matz—mI)- (5'8)
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approximating Gy by a denoiser Go = fo(Gy), we can define the learned distribution

where p; s = zZ + af,—‘;gsm and oy, = %98 The literature shows [35] that by
t

2
Tt

p(Gs|G) = q(G.|Gy, & = Gy) without loss of generality as s — t.

Here, we train the denoiser fy to output the input tri-plane Gy such that:

L8 = Bgeonions|wilGo — fo(Gn 0)I] (5.9)

where the denoiser fy(o,t) is realized as a time-conditional U-Net [205]. We choose
an empirical w; = S(SNR(¢)) where SNR(¢) = a? /07 and S is the sigmoid function,
as in [206].

5.1.3 Editing Mechanism

We emphasize three key advantages of our proposed method and explore their
potential applications. 1): Local tri-planes with 3DMM template. In contrast to
global-based 3D representations [31, 33, 146, 206-208] where each attribute is intri-
cately entangled, our method gains advantage by integrating 3D scenes with local
tri-planes. This approach allows for isolating and controlling local edits without
unintended propagation to the global representation. Additionally, anchoring the
tri-planes over SDMM inherits the benefits of a 3DMM, and enables direct identity
and expression editing. 2): UV-space parameterization. By rasterizing the 3DMM
onto semantically consistent UV space, our method facilitates flexible region-based
editing Specifically, we can directly transfer specific semantic regions [16], such
as the mouth or nose, across identities by swapping the corresponding anchored
Gaussians and tri-plane payloads. . Leveraging the trained diffusion model, we can
further edit the region by diffusing the masked region in UV space to while keeping
the remaining areas frozen. 3) Geometry-texture disentanglement. Empowered by
floatable tri-planes modulated by 3D Gaussians, a noteworthy byproduct benefit
of LN3DIFF is the support of geometry-texture disentanglement. All the afore-
mentioned editing applications can be conducted on either geometry, texture, or
both.



90 5.2. Experiments

5.2 Experiments

Dataset. To maintain quality and diversity, we sample 10, 000 3D portraits from
pre-trained Panohead [31] with diverse identities and expressions. For each identity,
we render 50 images and depths with given camera poses. During reenacement
inference, we select the real-world video used in IDE-3D [33] for visualization. We
use the 64 x 64 view-consistent 3D renderings for tri-plane fitting, and the 512 x 512
samples for super-resolution training. As data pre-processing, we apply multi-view
3DMM fitting over each sample to initialize the anchored Gaussians. We filter
out the low-quality samples using CLIP [209].

Implementation Details. We use N = 1024 local tri-planes to represent each 3D
identity, given H = W = 32. During rendering, we adopt k = 3 for nearby tri-plane
blending. For each local tri-plane, we have S, = S, = C = 8. The autodecoder
D is implemented similarly to StyleGAN [86] with noise injection removed. After
the D is trained, we further stack a x4 super-resolution model above it with the
architecture from ESRGAN [210]. The denoiser fy is implemented as a 2D U-Net
with architecture from Imagen [53]. The decoded UV maps of all instances are

exported from the trained autodecoder D as the training corpus of the diffusion
model fy.

Training Details. For autodecoder, we adopted AdamW optimizer with no
weight decay for all the experiments, and set [r = 0.05 for optimizing z, Ir = 0.0025
for optimizing autodecoder D and Ir = le — 5 for optimizing Gaussians and
lr = 5e — 2 for optimizing a tiny 2-layer rendering MLP with 8 x 32 x 4 shape. We
decay all the learning rates at 100k steps by a factor of 0.5. For diffusion model
training, we adhere to the diffusion model implementation as outlined in Ima-
gen [211]. Note that we normalize the Gaussians and payload features to [—1, 1]
for better diffusion learning. Besides, we set the expression of the reconstructed
3D identities to the neutral state. The training is conducted in two stages: stage-1
auto-decodign triplane fitting takes 3 days, and stage-2 3D diffusion training takes
4 days. All experiments are performed using 2 A6000 GPUs. During inference, a
3D avatar head can be synthesized in around 45 seconds on a single A6000 GPU.

Evaluation Metrics. We select a series of proxy metrics to benchmark our
method. Following [33], we evaluate view consistency assessed by multi-view facial

identity consistency (ID) [186] rendered from random camera poses. To evaluate
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TABLE 5.1: Quantitative performance. LOC3DIFF achieves competitive
performance over 3D-related metrics (ID, Depth) and SoTA performance on
the expression editing (PCK) performance. Additionally, yields faster rendering
with less storage required with competitive 3D metrics.

Methods ID 1t Depth | PCK@2.51 PCK@5t FPS1T Storage(MB)J]

FENeRF 0.61 2.71 - - 1.2 10
Panohead 0.80 2.32 - - 19 72
IDE-3D 0.76 1.71 0.16 0.33 25.1 48
Ours 0.78 2.58 0.783 0.99 64/37 8.25

the synthesized 3D geometry, we follow EG3D [1] to use an off-the-shelf tool to
estimate depth maps from renderings and compute L2 distance against rendered
depths. Moreover, we adopt an avatar-centric metric, Percentage of Correct Key-
points (PCK) [212] to evaluate the expression editing ability. The rendering speed

and storage are also included.

5.2.1 Quantitative Comparisons

The results of numerical comparisons are presented in Tab. 5.1. Given that our
method leverages Panohead data for training, it exhibits similar performance on
ID and Depth metrics. In terms of expression editing ability, conventional global-
based methods such as FeNeRF and Panohead do not support animation. Though
IDE-3D supports segmentation-based reenactment, it lacks identity preservation
and falls behind the PCK metric. LN3DIFF stands out as the only method that
supports 3SDMM-driven expression editing and achieving better PCK performance
under both thresholds. Moreover, LN3DIFF supports faster rendering with less

storage required for synthesized human heads.

5.2.2 Qualitative Evaluations

Auto-decoded Local Tri-planes. We first visualize the local tri-plane recon-
struction from the autodecoder D in columns 1 —4 of Fig. 5.3. The reconstruction
produces high-fidelity and view-consistent view synthesis. Additionally, the corre-
sponding optimized Gaussians align with the identity shape of the input, showcas-

ing the robust capacity of our design. Besides, though the tri-plane payloads are
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centered on the 3DMM mesh surface, it can naturally support regions beyond the

surface through volumetric rendering, in which way the hair and teeth are handled.

Expression Editing. We include the
novel expression editing performance in

columns 5 — 8 Fig. 5.3. Despite be-

ing trained on collections of identities

Source — Target

FIGURE 5.4: We visualize the inter-
herently supports SDMM-based expres- mediate trajectory of transferring

sion editing by manipulating the un- both texture and geometry from
the source to the target. Both

shape and texture interpolation re-
local tri-plane. Furthermore, owing to sults preserve high-fidelity during
the middle state.

with a single expression, LN3DIFF in-

derlying Gaussian parameters of each

the autodecoder design, LN3DIFF can
learn diverse expressions across identi-

ties, yielding natural-looking results under novel expressions.

Shape-Texture Transfer. LN3DIFF naturally supports geometry-texture disen-
tanglement, where Gaussians manage the geometry and attached local tri-planes
determine the texture within a local region defined on the UV map. We present the
interpolation trajectory of the shape-texture transfer in Fig. 5.4, where both shape
and texture are gradually added from the source identity to the target. The se-
mantically meaningful intermediate results in both shape and texture interpolation

validate the effectiveness of our design.

Unconditional Generation. Thanks to the compact UV space design, we can di-
rectly leverage powerful 2D diffusion architectures for 3D-aware generation. Specif-
ically, we train a diffusion model €y over the exported UV maps from the autode-
coder D and include the diffusion generation results in Fig. 5.5. Visually inspected,
the diffusion-generated results maintain the same high-fidelity and view-consistent
renderings as the reconstruction results with diverse sampling. Compared with the
previous tri-plane-based method [23, 31], LN3DIFF maintains high capacity, and
flexibility and intrinsically avoids Janus problem [42]. Besides, diffusion models

process better editing ability compared with GAN-based methods.

Comparison with Existing Methods. We include the qualitative reenactment
comparison of IDE-3D [33] to our method in Fig. 5.6. Both methods can accurately

reflect the input expression in their reenactment results, although IDE-3D exhibits
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il

F1GURE 5.5: Unconditional Diffusion Sampling. We showcase four samples
with diverse poses. The compact UV space design allows us to leverage 2D
diffusion architectures for 3D aware synthesis.

a deficiency in preserving the input identity, attributed to its segmentation-based
animation paradigm. This difference accounts for their inferior PCK performance

compared to the proposed method.

Moreover, IDE-3D and FE-NeRF lack

support for region-based transfer be-

Reference
i
1l
b

tween identities. This limitation arises
from the fact that global-based repre-

sentations such as tri-plane and MLP @ e @ﬁ ﬁ
define all the 3D components in the 3D

space. Attempting a direct copy-paste @ @ @ @ @

of one tri-plane region to another re- Input Reenactment

FIGURE 5.6: Comparison with

IDE-3D on Reenactment. Em-
there are variations in their absolute ploying four reference images (row-

IDE 3D

Ours

sults in inconsistencies, especially when

sizes. 1), we animate the identities synthe-

sized by IDE-3D and our method

to the target expression. Given

IDE-3D’s segmentation-based na-
5.2.3 Applications ture, utilizing a reference identity
with a different shape inevitably al-
ters the facial layout. Neverthe-
less, LOC3DIFF preserves of the in-
Model. First, we showcase both the put identity through the reenact-
ment process.

3D Inpainting wusing Diffusion

geometry- and texture-based inpainting
in Fig. 5.7, where unmask the upper
face in the UV space and let the diffusion model inpaints the remaining areas.
Both yield holistically reasonable results while keeping the corresponding inputs

within the mask sharing a similar pattern.

3DMM-based Editing. LN3DIFF marries the best of both the model-based
3DMM and neural representations through the rasterized UV space and naturally
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Upper face
UV mask
hint

Input Geometry-masked Diffusion Inpainting Texture-masked Diffusion Inpainting

Ficure 5.7: Diffusion-based Inpainting given Geometry or Texture
Mask. We provide either the geometry part (first 9 channels of the 256 x 256 x 33
tensor Gp) or the texture part (last 24 channels of the 256 x 256 x 33 tensor
Go) of the upper face as hints, and take the diffusion model fy in-paints the
remaining details. As illustrated in columns 2 — 5, all the generated results
exhibit a well-maintained upper-face shape, including the layout of the eyes
and forehead, but with different textures. Conversely, the diffusion-inpainted
results with texture masks (columns 6 — 10) showcase an well-preserved upper-
face texture, encompassing features such as hair and forehead color, while varying
in shape.

supports 3DMM-based editing by changing the shape and expression codes. Specif-
ically, by driving the anchored Gaussians w.r.t the vertices offsets decoded from
changed 3DMM expression code, we support 3DMM-based reenactment. We show-
case this ability in Fig. 5.6, where we reenact the given reference expression to the
target. As can be seen, the reenactment results maintain their original identity
but accurately follow the expression of the given source input. This application

has the potential to facilitate avatar editing in game engines and media creation.

Regional-based Editing. In addition to global interpolation and transfer capa-
bilities, LN3DIFF provides support for region-based editing, allowing modification
exclusively within the semantic region defined by the UV mask. This functionality
is illustrated in Fig. 5.8, where we showcase the transfer of corresponding source
Gaussians (geometry) to the target, guided by the provided mask. The transferred
results exhibit the same shape as the source within the defined semantic region,
while the remaining areas remain unchanged. Benefiting from the UV space de-
sign, regional editing consistently produces semantically consistent results when

transferring between mouth /nose regions of varying sizes across different identities.
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FiGURE 5.8: Regional Editing with UV Mask. The UV-space design in
Loc3DIFF enables the editing of specific semantic regions defined on the UV
map. In this example, we transfer the geometry shapes of the "nose” and
"mouth” from the source identities to the target while leaving the remaining
areas unchanged. It is important to note that all the source and target identities
presented here are diffusion-sampled.
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Furthermore, this demonstration underscores that LN3DIFF can surpass 3DMM
constraints, enhancing controllability and exhibiting significant potential for avatar

personalization.

5.2.4 Ablation Study

We ablate the detailed design choice of local tri-plane payload here and the choice

of K value in tri-plane blending.

Local Tri-plane. In our early experiments, we opted for a pure feature vector [213]
as the local payload to represent the textures within a local region. However, we
observed that the reconstruction performance consistently reached limitations. As
visualized in Fig. 5.9, this motivated us to employ a tiny tri-plane as the texture
payload. For both settings, we utilized 1024 local payloads to represent a scene
and trained two variations till convergence. The results indicate that using a pure
feature vector as the payload results in blurry view synthesis with a PSNR 21db and

noisy depths. Conversely, our local tri-plane payload variations exhibit improved
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fidelity with PSNR 32db and cleaner surface reconstruction. We also ablate detailed

choice of the latent space with the same configuration as Tab. 5.3. Adopting
N = 32 x 32 with S, = S, = C = 8 achieves the best trade-off between speed,
VRAM usage and performance. Moreover, a smaller UV space with N = 32 x 32

facilitates efficient diffusion training.

TABLE 5.2: Quantitative
Ablation of k£ in Gaus-
sian Blending. Larger
k improves reconstruction
quality, albeit requiring ex-
tra computational resources.
However, a performance de-
cline is observed for larger k.

TABLE 5.3: Ablation of N, S;,S,,C.
We follow the same ablation setting
as Tab. 6.3. Increasing the UV size
N and spatial tri-plane size S;, S, im-
proves the quality of reconstruction,
albeit with an associated increase in
the computational resources. Thus, we
choose a balanced setting for all the ex-
periments.

k- PSNR 1 MAE | Speed |

1 92772 0.0421 04 N Sz,5y,C PSNR 1T Speed | VRAM |
2 2792 0.0412 0.53 1024 4,4,4 26.89 0.44 4985

3 28.39 0.0392 0.67 1024 4,4,8 27.54 0.61 5358

4 2828  0.0400 0.8 1024  8,8,8 28.39 0.67 5810

5 28.25 0.0395 0.87 2304 8,8,8 28.95 0.99 9872

Baseline

Ours

ﬂ.ﬂA[ﬂF

View Synthesis Depth

FIGURE 5.9: Ablation Study on
Local Tri-plane. Using raw fea-
ture vectors as the payload lacks
the ability to encode spatial infor-
mation, and our local tri-plane de-
sign holds larger capacity and bet-
ter reconstruction results.

Details Selection of k£ Nearby Tri-
planes for Blending. We investigate
the choice of k value in Gaussian blend-
ing and include the quantitative results
in Tab. 5.2.

the reconstruction performance initially

As it can be observed,

improves steadily with increasing k, as
does the computational cost. To trade
off the overall performance, we adopt
k = 3 in our experiments. However, effi-
cient training with larger k is still worth

exploring.
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5.3 Conclusion

This chapter have introduced LOC3DIFF, a new 3D generative framework, and
demonstrated its promising results across various scenarios. A novel representa-
tion based on 3DMM anchored by 3D Gaussians-modulated local tri-planes is first
introduced, which allows us to decouple the underlying smooth geometry and de-
formation from the complex volumetric appearance. Importantly, the proposed
representation can be stored in the UV space that is amenable to generative mod-
elling. We then proposed a method to simultaneously reconstruct and learn a
latent space for our 3D representations via multi-view supervision, upon which we
train a 2D diffusion model to perform various editing tasks. In general, the pro-
posed method improves the generality of neural fields within the 3D head domain.
Compared to existing per-instance optimization-based methods [146], the proposed
method achieves 3D generaiton from a random Gaussian noise. Besides, the pro-
posed method supports 3D editing (inpainting), texture transfer, and reenactment
across identities, which cannot be achieved with previous per-instance optimization

methods.

Though performing good on the avatar, a 3D diffusion framework for general ob-
jects is still necessary. In the following chapter, this thesis will thoroughly investi-
gate a unified 3D framework to efficiently generate high-quality 3D objects within

seconds.






Chapter 6

LN3Diff: Scalable Latent Neural
Fields Diffusion
for Speedy 3D Generation

The advancement of generative models [36, 85] and differentiable rendering [214]
has paved the way for a new research direction called neural rendering [214]. This
field is continuously pushing the limits of view synthesis [2], editing [16], and par-
ticularly 3D object synthesis [1]. While 2D diffusion models [35, 36] have outper-
formed GANSs in image synthesis [37] in terms of quality [39], controllability [40],
and scalability [41], a unified 3D diffusion pipeline has yet to be established.

3D object generation methods using diffusion models can be categorized into 2D-
lifting and feed-forward 3D diffusion models. In 2D-lifting methods, score distil-
lation sampling (SDS) [42, 131] and Zero-123 [43, 215] achieve 3D generation by
leveraging pre-trained 2D diffusion models. However, SDS-based methods require
costly per-instance optimization and are prone to the multi-face Janus problem [42].
Meanwhile, Zero-123 fails to enforce strict view consistency. On the other hand,
feed-forward 3D diffusion models [17, 23, 44-47] enable fast 3D synthesis without
per-instance optimization. However, these methods typically involve a two-stage

pre-processing approach. First, during the data preparation stage, a shared decoder

The work in this chapter has been published in [24].
Code is publicly available at https://github.com/NIRVANALAN/LN3Diff
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is learned over a large number of instances to ensure a shared latent space. This
is followed by per-instance optimization to convert each 3D asset in the datasets
into neural fields [9]. After this, the feed-forward diffusion model is trained on the

prepared neural fields.

While the pipeline above is straightforward, it poses extra challenges to achieve
high-quality 3D diffusion: 1) Scalability. In the data preparation stage, existing
methods face scalability issues due to using a shared, low-capacity MLP decoder
for per-instance optimization. This approach is data inefficient, requiring over 50
views per instance [44, 46] during training. Consequently, computation cost scales
linearly with the dataset size, hindering scalability for large, diverse 3D datasets.
2) Efficiency. Employing 3D-specific architectures [48-50] is computationally in-
tensive and necessitates representation-specific designs [51]. Consequently, existing
methods compress each 3D asset into neural fields [9] before training. However,
this compression introduces high-dimensional 3D latent, increasing computational
demands and training challenges. Limiting the neural field size [46] might mitigate
these issues but at the cost of reconstruction quality. In addition, the auto-decoding
paradigm can result in an unclean latent space [38, 45, 216], unsuitable for 3D dif-
fusion training [39]. 3) Generalizability. Existing 3D diffusion models primarily
focus on unconditional generation over single classes, neglecting high-quality con-
ditional 3D generation (e.g., text-to-3D) across generic, category-free 3D datasets.
Furthermore, projecting monocular input images into the diffusion latent space is
crucial for conditional generation and editing [7, 40], but this is challenging with

the shared decoder designed for multi-view inputs.

In this study, a novel framework called Latent Neural fields 3D Diffusion (LN3DIFF)
is proposed to address these challenges and enable fast, high-quality and generic
conditional 3D generation. Our method involves training a variational autoen-
coder [54] (VAE) to compress input images into a lower-dimensional 3D-aware
latent space, which is more expressive and flexible compared to pixel-space diffu-
sion [35-37, 135]. From this space, a 3D-aware transformer-based decoder grad-
ually decodes the latent into a high-capacity 3D neural field. This autoencoding
stage is trained amortized with differentiable rendering [214], incorporating novel
view supervision for multi-view datasets [68, 217] and adversarial supervision for

monocular dataset [187]. Thanks to the high-capacity model design, our method
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is more view efficient, requiring only two views per instance during training. Af-
ter training, the learned 3D latent space is leveraged for conditional 3D diffusion
learning, ensuring effective utilization of the trained model for high-quality 3D gen-
eration. The pre-trained encoder can amortize the data encoding over incoming
data, thus streamlining operations and facilitating efficient 3D diffusion learning

while remaining compatible with advances in 3D representations.

To enhance efficient information flow in the 3D space and promote coherent geom-
etry reconstruction, a novel 3D-aware architecture is introduced, which is tailored
for fast and high-quality 3D reconstruction while maintaining a structured latent
space. Specifically, a convolutional tokenizer is employed to encode the input im-
age(s) into a KL-regularized 3D latent space, leveraging its superior perceptual
compression ability [218]. The transformers [219, 220] is employed to enable flex-
ible 3D-aware attention across 3D tokens in the latent space. Finally, the 3D
latent is upsampled and apply differentiable rendering for image-space supervision,

making our method a self-supervised 3D learner [221].

In summary, a 3D-representation-agnostic pipeline is proposed for building generic,
high-quality 3D generative models. This pipeline provides opportunities to resolve
a series of downstream 3D vision and graphics tasks. Specifically, a novel 3D-aware
reconstruction model is proposed that achieves high-quality 3D data encoding in an
amortized manner. Learning in the compact latent space, our model demonstrates
state-of-the-art 3D generation performance on the ShapeNet benchmark [68], sur-
passing both Generative Adversarial Network (GAN)-based and 3D diffusion-based
approaches. Our method shows superior performance in monocular 3D reconstruc-
tion and conditional 3D generation on ShapeNet, FFHQ, and Objaverse datasets,
with a fast inference speed, e.g., 3x faster against existing latent-free 3D diffusion
methods [136].

6.1 Methodology

This section introduces our latent 3D diffusion model, which learns efficient diffu-
sion prior over the compressed latent space by a dedicated variational autoencoder.
Specifically, the goal of training is to learn a variational encoder &4 that maps a

set of posed 2D image(s) Z = {x;,...,xv}, of a 3D object to a latent code z, a
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FIGURE 6.1: Pipeline of LN3Diff. In the 3D latent space learning stage,
a convolutional encoder £y encodes a set of images 7 into the KL-regularized
latent space. The encoded 3D latent is further decoded by a 3D-aware DiT trans-
former Dy, in which we perform self-plane attention and cross-plane attention.
The transformer-decoded latent is up-sampled by a convolutional upsampler Dy
towards a high-res tri-plane for rendering supervisions. In the next stage, we
perform conditional diffusion learning over the compact latent space using ei-
ther U-Net or DiT.

denoiser €y(z,t) to denoise the noisy latent code z; given diffusion time step ¢, and
a decoder Dy, (including a Transformer Dy and an Upsampler D) to map z, to

the 3D tri-plane X corresponding to the input object.

Such design offers several advantages: (1) By explicitly separating the 3D data
compression and diffusion stage, we avoid representation-specific 3D diffusion de-
sign [38, 44, 45, 51, 136] and achieve 3D representation/rendering-agnostic diffu-
sion, which can be applied to any neural rendering techniques. (2) By leaving
the high-dimensional 3D space, we reuse the well-studied Latent Diffusion Model
(LDM) architecture [39, 219, 222] for computationally efficient learning and achieve
better sampling performance with faster speed. (3) The trained 3D compression
model in the first stage serves as an efficient and general-purpose 3D tokenizer,
whose latent space can be easily re-used over downstream applications or extended

to new datasets [18, 223].

In the following subsections, we first discuss the compressive stage with a detailed
framework design in Sec. 6.1.1. Based on that, we introduce the 3D diffusion
generation stage in Sec. 6.1.2 and present the condition injection in Sec. 6.1.3. The

method overview is shown in Fig. 3.2.
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6.1.1 Perceptual 3D Latent Compression

As analyzed previously, directly leveraging neural fields for diffusion training hin-
ders model scalability and performance. Inspired by previous work [39, 218], we
propose to take multi-view image(s) as a proxy of the underlying 3D scene and com-
press the input image(s) into a compact 3D latent space. Though this paradigm
is well-adopted in the image domain [39, 218] with similar trials in specific 3D
tasks [7, 105, 120, 224], we, for the first time, demonstrate that a high-quality
compression model is feasible, whose latent space serves as a compact proxy for

efficient diffusion learning.

Encoder. Given a set of image(s) Z of an 3D object where each image within
the set & € RE*W>3 i5 an observation of an underlying 3D object from viewpoints
C = {ci,...,cy}, LN3DIFF adopts a convolutional encoder & to encode the
image set Z into a latent representation z ~ £4(Z). To inject camera condition, we
concatenate Plucker coordinates r; = (d;, p; X d;) € R® channel-wise as part of the
input [225], where d; is the normalized ray direction and p; is the camera origin
corresponding to the camera c;, and X denotes the cross product. For challenging
datasets like Objaverse [217], we also concatenate the rendered depth map, making

our input a dense 3D colored point cloud [226].

Unlike existing works [120, 218] that operate on 1D order latent and ignore the
internal structure, we choose to output 3D latent z € R"*wxdx¢ to facilitate 3D-
aware operations, where h = H/f,w = W/ f are the spatial resolution with down-
sample factor f, and d denotes the 3D dimension. Here we set f = 8 and d = 3

Rixwx3xe g tri-latent, which is similar to tri-plane [1, 173] but in

to make z €
the compact 3D latent space. We further impose KL-reg [54] to encourage a well-

structured latent space to facilitate diffusion training [39, 222].

Decoder Transformer. The decoder aims to decode the compact 3D codes z
for high-quality 3D reconstruction. Existing image-to-3D methods [1, 7, 105, 216]
adopt convolution as the building block, which lacks 3D-aware operations and
impede information flow in the 3D space. Here, we adopt ViT [219, 220] as the
decoder backbone due to its flexibility and effectiveness. Inspired by Rodin [23],
we made the following reformulation to the raw ViT decoder to encourage 3D
inductive bias and avoid the mixing of uncorrelated 3D features: (1) Self-plane

Attention Block. Given the input z € R™3*¢ where | = h x w is the sequence
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length, we treat each of the three latent planes as a data point and conduct self-
attention within itself. This operation is efficient and encourages local feature
aggregation. (2) Cross-plane Attention Block. To further encourage 3D inductive
bias, we roll out z as a long sequence [ X 3 X ¢ — 3l X ¢ to conduct attention across
planes, so that all tokens in the latent space could attend to each other. In this
way, we encourage global information flow for more coherent 3D reconstruction and
generation. Compared to Rodin, our design is fully attention-based and naturally

supports parallel computing without the expensive axis pooling aggregation.

Empirically, we observe that using DiT [219] block and injecting the latent z as
conditions yields better performance compared to the ViT [220, 227] block, which
takes the latent zy as the regular input. Specifically, the adaptive layer norm
(adaLN) layer [219] fuses the input latent z with the learnable positional encoding
for attention operations. Moreover, we interleave the two types of attention layers
to make sure the overall parameters count consistent with the pre-defined DiT
length, ensuring efficient training and inference. As all operations are defined in
the token space, the decoder achieves efficient computation against Rodin [23] while

promoting 3D priors.

Decoder Upsampler. After all the attention operations, we obtain the tokens
from the last transformer layer z as the output. The context-rich tokens are re-
shaped back into spatial domain [228] and up-sampled by a convolutional decoder
to the final tri-plane representation with shape H x W x 3C. Here, we adopt
a lighter version of the convolutional decoder for efficient upsampling, where the

three spatial latent of z are processed in parallel.

Learning a Perceptually Rich and Intact 3D Latent Space. Adversarial
learning [85] has been widely applied in learning a compact and perceptually rich
latent space [39, 218]. In the 3D domain, the adversarial loss can also encourage
correct 3D geometry when novel-view reconstruction supervisions are inapplica-
ble [21, 120, 229], e.g., the monocular dataset such as FFHQ. Inspired by previous
research [120, 229], we leverage adversarial loss to bypass this issue. Specifically,
we impose an input-view discriminator to maintain perceptually-reasonable input
view reconstruction, and an auxiliary novel-view discriminator to distinguish the
rendered images between the input and novel views. We observe that if asking
the novel-view discriminator to differentiate novel-view renderings and real images

instead, the reconstruction model will suffer from posterior collapse [230], which
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outputs input-irrelevant but high-fidelity results to fool the novel-view discrimina-

tor. This phenomenon has also been observed by Kato et al. [229].

Training. After the decoder D,, decodes a high-resolution neural fields z, from

the latent, we have & = R(X) = R(Dy(z)) = R(Dy(Ey(8))), where R stands for
differentiable rendering [214] and we take Dy (z) = R(Dy(z)) for brevity. Here,
we choose X as tri-plane [1, 173] and R as volume rendering [2] for experiments.
Note that our compression model is 3D representations/rendering agnostic and
new neural rendering techniques [200] can be easily integrated by alternating the

decoder architecture [231]. The final training objective reads as

ﬁ((:b: ";b) = ﬁrender + /\geoﬁgeo + )\kIEKL + )\GAN'CGAN, (61)

where Liender 18 @ mixture of the L; and perceptual loss [171], L, encourages
smooth geometry [232], Ly, is the KL-reg loss to regularize a structured latent
space [39], and Lgan improves perceptual quality and enforces correct geometry for
monocular datasets. Note that L enqer is applied to both input-view and randomly

sampled novel-view images.

For category-specific datasets such as ShapeNet [68], we only supervise one novel
view, which already yields good enough performance. For category-free datasets
with diverse shape variations, e.g., Objaverse [217], we supervise four novel views.
Our method is more data-efficient against the existing state-of-the-art 3D diffusion
method [44, 46], which requires 50 views to converge. The implementation details

are included in the supplementary material.

6.1.2 Latent Diffusion and Denoising

Latent Diffusion Models. LDM [39, 222] is designed to acquire a prior dis-
tribution pg(zo) within the perceptual latent space, whose training data is the
latent obtained online from the trained &£,. Here, we use the score-based latent
diffusion model [222], which is the continuous derivation of DDPM variational ob-
jective [36]. Specifically, the denoiser €, parameterizes the score function score [35]
as Vg, logp(z;) == —€p(z,t)/0r, with continuous time sequence ¢. By training to
predict a denoised variant of the noisy input z;, €y gradually learns to denoise from

a standard Normal prior A(0,I) by solving a reverse SDE [36].
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Following LSGM [222], we formulate the learned prior at time ¢ geometric mixing
€(z:, 1) == 0i(l —a) ©z; + a © €)(z, 1), where €)(z,t) is the denoiser output and
a € [0, 1] is a learnable scalar coefficient. Intuitively, this formulation can bring the
denoiser input closer to a standard Normal distribution, which the reverse SDE can
be solved faster. Similarly, Stable Diffusion [39, 233] also scales the input latent
by a factor to maintain a unit variance, which is pre-calculated on the billion-level

dataset [41]. The training objective reads as
w
Lait = Bey)enions | 5 lle — oz )] (6.2)

where ¢ ~ U[0, 1] and w, is an empirical time-dependent weighting function.

The denoiser € is realized by a time-dependent U-Net [234] or DiT [219]. During
training, we obtain z, online from the fixed &4, roll-out the tri-latent A x w x 3 x
¢ — h x (3w) x ¢, and add time-dependent noise to get z;. Here, we choose the
importance sampling schedule [222] with velocity [235] parameterization, which
yields more stable behavior against e parameterization for diffusion learning. After
training, the denoised samples can be decoded to the 3D neural field (i.e., tri-plane
here) with a single forward pass through D,,, on which neural rendering can be

applied.

6.1.3 Conditioning Mechanisms

Compared with the existing approach that focuses on category-specific uncondi-
tional 3D diffusion model [136], we propose to inject CLIP embeddings [209] into
the latent 3D diffusion model to support image/text-conditioned 3D generation.
Given input condition y, the diffusion model formulates the conditional distribu-
tion p(z|y) with €s(z,t,y). The inputs y can be text captions for datasets like
Objaverse, or images for general datasets like ShapeNet and FFHQ.

Text Conditioning. For datasets with text caption, we follow Stable Diffu-
sion [39] to directly leverage the CLIP text encoder CLIP7 to encode the text
caption as the conditions. All the output tokens 77 x 768 are used and injected to

diffusion denoiser with cross attention blocks.

Image Conditioning. For datasets with images only, we encode the input x

corresponding to the latent code zy using CLIP image encoder CLIP; and adopt
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the output embedding as the condition. To support both image and text conditions,
we re-scale the image latent code with a pre-calculated factor to match the scale
of the text latent.

Classifier-free Guidance. We adopt classifier-free guidance [236] for latent con-
ditioning to support conditional and unconditional generation. During diffusion
model training, we randomly zero out the corresponding conditioning latent em-
beddings with 15% probability to jointly train the unconditional and conditional
settings. During sampling, we perform a linear combination of the conditional and

unconditional score estimates:

€(21, To(y)) = seo(z, o(y)) + (1 = s)€n(21), (6.3)

where s is the guidance scale to control the mixing strength to balance sampling

diversity and quality.

6.2 Experiments

Datasets. Following most previous work, we use ShapeNet [68] to benchmark the
3D generation performance. We use the Car, Chair, and Plane categories with 3514,
6700, and 4045 instances correspondingly. Each instance is randomly rendered from
50 views following a spherical uniform distribution. The evaluation is conducted
over the same dataset following the split of SRN [221]. Moreover, to evaluate the
performance over diverse high-quality 3D datasets, we also include the experiments
over Objaverse [217], which is the largest 3D dataset with challenging categories
and complicated geometry. We use the renderings provided by G-Objaverse [237]
and choose a high-quality subset with around 176K 3D instances for training,

where each consists of 40 random views.

Training Details. For ShapeNet and FFHQ training, we adopt a monocular
input setting with V' = 1 and target rendering size 128 x 128. For Objaverse,
we adopt multi-view inputs with V' = 6 and target rendering size 192 x 192. All
training images are resized to H = W = 256 as input. The encoder £4 has
down-sample factor f = 8 and the decoder upsampler Dy outputs tri-plane with
size H = W = 128 and C = 32. To trade off rendering resolution and training

batch size, we impose supervision over 80 x 80 randomly cropped patches. For
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adversarial loss, we use DINO [227] in vision-aided GAN [238] with non-saturating
GAN loss [239] for discriminator training. For conditional diffusion training, we use
the CLIP image embedding for ShapeNet and FFHQ, and CLIP text embedding
from the official text caption for Objaverse. Both the autoencoding model and

diffusion model are trained for 800K iterations, which take around 7 days with 8
A100 GPUs in total.

Metrics. Following prior work [38, 44, 46, 240], we adopt both 2D and 3D
metrics to benchmark the generation performance: Fréchet Inception Distance
(FID@50K) [241] and Kernel Inception Distance (KID@50K) [242] to evaluate 2D
renderings, as well as Coverage Score (COV) and Minimum Matching Distance
(MMD) to benchmark 3D geometry. We calculate all metrics under 128 x 128 for

fair comparisons across all baselines.

6.2.1 Evaluation

In this section, we compare our method with both state-of-the-art GAN-based
methods: EG3D [1], GET3D [240] as well as recent diffusion-based methods:
DiffRF [44], RenderDiffusion [136] and SSDNeRF [46]. Since LN3DIFF only lever-
ages v = 2 for ShapeNet experiments, for SSDNeRF, we include both the official
50-views trained SSDNeRFy_59 version as well as the reproduced SSDNeRFy_3
for fair comparison. We find SSDNeRF fails to converge with V' = 2. We set the
guidance scale in Eq. (6.3) to s = 0 for unconditional generation, and s = 6.5 for

all conditional generation sampling.

Unconditional Generation on ShapeNet. To evaluate our methods against
existing 3D generation methods, we include the quantitative and qualitative re-
sults for unconditional single-category 3D generation on ShapeNet in Tab. 6.1 and
Fig. 6.2. We evaluate all baseline 3D diffusion methods with 250 DDIM steps
and GAN-based baselines with psi = 0.8 to guarantee each sample is intact for
COV/MMD evaluation. For FID/KID evaluation, we re-train the baselines and
calculate the metrics using a fixed upper-sphere ellipsoid camera trajectory [221]
across all datasets. For COV/MMD evaluation, we randomly sample 4096 points
around the extracted sampled mesh and ground truth mesh surface and adopt

Chamfer Distance for evaluation.
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FI1GURE 6.2: ShapeNet Unconditional Generation. We show four samples
for each method. Zoom in for the best view.

Ours (Uncond)

As shown in Tab. 6.1, LN3DIFF achieves quantitatively better performance against
all GAN-based baselines regarding rendering quality and 3D coverage. Fig. 6.2
further demonstrates that GAN-based methods suffer greatly from mode collapse:
in the ShapeNet Plane category, both EG3D and GET3D are limited to the white
civil airplanes, which is fairly common in the dataset. Our methods can sample

more diverse results with high-fidelity texture.

Compared against diffusion-based baselines, LN3DIFF also shows better visual
quality with better quantitative metrics. SSDNeRFy_59 shows a better coverage

score, which benefits from leveraging more views during training. However, our
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TABLE 6.1: Quantitative Comparison of Unconditional Generation on
ShapeNet. It proves the impressive performance of our LN3DIFF on the single-
category generation.

Category Method FID{ KID(%)] COV(%)t MMD(%o)l

EG3D [1] 33.33 1.4 35.32 3.95

GET3D [240] 41.41 1.8 37.78 3.87

Car DiffRF [44] 75.09 5.1 29.01 4.52
RenderDiffusion [136]  46.5 4.1 - -

SSDNeRF,_; [46]  47.72 2.8 37.84 3.46

SSDNeRF’_, [46] 4537 2.1 67.82 2.50

LN3DIFF(Ours)  17.6  0.49 43.12 2.32

EG3D [1] 1447 0.54 18.12 4.50

GET3D [240] 26.80 1.7 21.30 4.06

Plane DiffRF [44] 101.79 6.5 37.57 3.99
RenderDiffusion [136]  43.5 5.9 - -

SSDNeRF,_; [46]  21.01 1.0 42.50 2.94

LN3DiFF(Ours)  8.84  0.36 43.40 2.71

EG3D [1] 26.09 1.1 19.17 10.31

GET3D [240] 35.33 1.5 28.07 9.10

Chair DiffRF [44] 99.37 4.9 17.05 14.97
RenderDiffusion [136]  53.3 6.4 - -

SSDNeRF,_5 [46]  65.04 3.0 47.54 6.71

LN3DiFF(Ours) 169  0.47 47.1 5.28

TABLE 6.2: Quantitative Metrics on Text-to-3D. The proposed method
outperforms Point-E and Shape-E on CLIP scores over two different backbones.

Method VIT-B/32 VIT-L/14
Point-E [243]  26.35 21.40
Shape-E [45] 27.84 25.84
Ours 29.12 27.80

method with V' = 2 shows comparative performance against SSDNeRFy_3 on the

ShapeNet Chair and even better performance on the remaining datasets.

Conditional 3D Generation. Conditional 3D generation has the potential to
streamline the 3D modeling process in both the gaming and film industries. As
visualized in Fig. 6.3, we present our conditional generation performance on the
ShapeNet dataset, where either text or image serves as the input prompt. Vi-
sually inspected, our method demonstrates promising performance in conditional

generation, closely aligning the generated outputs with the input conditions. For
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the image-conditioned generation, our method yields semantically similar samples

while maintaining diversity.

We also demonstrate the text-conditioned generation of Objaverse in Fig. 6.4 and
Tab. 6.2. As shown, the diffusion model trained over LN3DIFF’s latent space
enables high-quality 3D generation over generic 3D datasets. This ability is un-
precedented among existing 3D diffusion baselines and and marks a significant
step toward highly controllable 3D generation. Qualitative comparisons against

Shape-E and Point-E are provided in the supplementary materials.
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FIGURE 6.5: FFHQ Monocular Reconstruction (upper half) and 3D
Generation (lower half). For monocular reconstruction, we test our method
with hold-out test set and visualize the input-view and novel-view. Compared
to baseline, our method shows consistently better performance on both recon-
struction and generation.

We compare our method against RenderDiffusion, the only 3D diffusion method
that supports 3D generation over FFHQ. As shown in the lower part in Fig. 6.5,
beyond view-consistent 3D generation, our method further supports conditional
3D generation at 128 x 128 resolution, while RenderDiffusion is limited to 64 x 64
resolution due to the expensive volume rendering integrated into diffusion training.
Quantitatively, our method achieves an FID score of 36.6, compared to 59.3 by

RenderDiffusion.

Monocular 3D Reconstruction. We also include monocular reconstruction
results over FFH(Q datasets in the upper half of Fig. 6.5 and compare against
RenderDiffusion. As can be observed, our method demonstrates high fidelity and
preserves semantic details even in self-occluded images. The novel view generated
by RenderDiffusion appears blurry and misses semantic components that are not

visible in the input view, such as the leg of the eyeglass.

6.2.2 Ablation Study and Analysis

Reconstruction Arch Design. In Tab. 6.3, we benchmark each component

of our auto-encoding architecture over a subset of Objaverse with 7K instances
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TABLE 6.3: Ablation of Re- TABLE 6.4: Diffusion Sam-
construction Arch Design. We pling Speed and Latent
ablate the design of our auto- Size. We provide the sam-
encoding architecture. Each com- pling time per instance evalu-
ponent contributes to a consistent ated on V100, along with the la-
gain in the reconstruction per- tent size. Our method achieves
formance, indicating an improve- faster speed and better genera-
ment in the modeling capacity. tion performance.
Design PSNR@Q100K  Method Seconds Latent Size
2D Conv Baseline 17.46 Get3D/EG3D 0.5 256
+ ViT Block 18.92 SSDNeRF 8.1 1282 x 18
ViT Block — DiT Block 20.61 RenderDiffusion 15.8 -
+ Plucker Embedding 21.29 DiffRF 18.7 323 x 4
+ Cross-Plane Attention 21.70 LN3DIFFuncond 5.7 322 x 12
+ Self-Plane Attention 21.95 LN3DIFF,f, 7.5 322 x 12

and record the PSNR at 100K iterations. Each component introduces consistent

improvements with negligible parameter increases.

Novel View Discrim-
inator for Monocu-

lar Dataset. Novel

view discriminator is

Input Image W/0 Novel View Discriminator W Novel View Discriminator

crucial for monocular
datasets like FFHQ. FIGURE 6.6: Ablation of novel view discriminator.

) ) Imposing novel view discriminator facilitates better
As shown in Fig. 6.6, 3D awareness.

without it, the VAE model fails to yield a plausible novel view.

Diffusion Sampling Speed and Latent Size. We report the sampling speed
and latent space size comparison in Tab. 6.4. By performing on the compact latent
space, our method achieves the fastest sampling while keeping the best generation
performance. Though RenderDiffusion follows a latent-free design, its intermediate

3D neural field has a shape of 2562 x 96 and hinders efficient diffusion training.

6.3 Conclusion

This chapter presents a new paradigm of 3D generative model by learning the

diffusion model over a compact 3D-aware latent space. A dedicated variational
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autoencoder encodes (multi-view) image(s) into a low-dim structured latent space,
where conditional diffusion learning can be efficiently performed. We achieve state-
of-the-art performance over ShapeNet and demonstrate our method over generic
category-free Objaverse 3D datasets. The proposed work in this chapter potentially
facilitates numerous downstream applications in 3D vision and graphics tasks. In
the future, LN3Diff can be further extended to generate dynamic 3D assets by in-
troducing a learnable temporal layer [244] over the pre-trained 3D diffusion model.

Besides, it can be directly trained on the dynamic 3D datasets [18].



Chapter 7

Conclusion and Future Work

This thesis has investigated how to expand the generality of neural fields by lever-
aging the techniques of generative models. Specifically, the thesis primarily delved
into two avenues to improve the neural fields’ generality: generalizable neural field
algorithms from generative priors, focusing on designing delicate algorithms to
learn generalizable neural fields with the help of generative priors from pre-trained
3D generative models. generalizable neural field representations for 3D genera-
tion, instead, propose novel 3D representations that are designed for training 3D

generative models.

The exploration of generalizable neural fields techniques has opened up numerous
intriguing and meaningful avenues and a preliminary investigation has been made
from only two perspectives. Though some progress has been made in this thesis,
there is significant room for further unleashing the potential of neural fields by
proposing more delicately designed algorithms and 3D representations for better 3D
reconstruction, editing, and content generation. Additionally, beyond leveraging
generative models, there remain other meaningful solutions that warrant further
exploration. In this chapter, the findings are summarized within the thesis and

discuss the potential future directions.
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7.1 Dense 3D Correspondence from NeRF (GANs

This thesis proposes to leverage a pre-trained NeRF-based GAN, m-GAN in our
case, to build dense correspondence between NeRF representations of different ob-
jects within the same category. In Chapter 3, the key insight is that the pre-trained
GAN possesses three important properties that can help alleviate the challenges
of this task, namely 1) instance-specific latent codes that holistically capture the
global structure of different NeRFs, 2) geometric-aware generator features that re-
flect local geometric details of different NeRFs, and 3) the manifold of NeRF's that
serves as a source of infinite NeRF samples. Based on the three properties, a gen-
eralizable model is proposed, referred to as the Dual Deformation Field, a learning
objective based on generator features that approximate geometric distances in fea-
ture space, and finally an effective curriculum training strategy that feeds samples
with growing complexity. To the best of our knowledge, this is the first method that
tries to establish dense correspondence across NeRF representations. Our experi-
ments demonstrate that dense correspondences between NeRFs learned from our
framework are accurate, smooth, and robust, making them applicable in various
downstream applications. Moreover, since DDF' directly adopts the latent code of
GAN as the deformation condition, the proposed method could benefit from later
progress in this field and produce more natural-looking results when applied to real

images.

Despite the notable improvements achieved by the proposed method, there are

three potential directions for further improvement for practical use:

1. Using better 3D GAN model - since our method relies on pre-trained 3D
GANSs, the performance of the learned correspondence may be limited by the
performance of the GANs used. This could be addressed using a better 3D
GAN design, e.g., EG3D [1], as shown in Tab. 3 and Fig. 12 and Fig. 16.

2. Handling missing correspondence points - our method may not find correct
correspondence when the semantic part from source NeRF N, does not exist
in the target NeRF N, e.g., transferring facial texture from a person without
teeth to a smiling face with teeth. This could be addressed by filtering out

searched correspondence points with high similarity loss.
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3. Real case inversion - applying our method to real cases relies on 3D GAN
inversion, which is an open problem to study. A potential solution is to

leverage 3D GAN inversion [7] to alleviate this shortcoming.

7.2 Inversion and Editing on 3D GANs

This thesis proposes a novel 3D GAN inversion framework E3DGE for 3D GAN
inversion and editing. As detailed in Chapter 4, the benefits of both self-supervised
global prior and pixel-aligned local prior is jointly considered for high-quality shape
and texture reconstruction. A hybrid alignment that bridges the best of 2D and
3D features is further proposed for view-consistent editing. Benefiting from the
overall system design, the proposed method has advantages in terms of both high
fidelity and editability. As a pioneer attempt in this direction, this work opens a
new line of research direction and will inspire future works on 3D GAN inversion,

few-shot 3D reconstruction, and 3D-aware learning from 2D images.

While our proposed method supports 3D reconstruction and editing given a monoc-

ular image, some improvements can potentially lead to better performance:

1. Better global-local fusion design - The fusion of global and local texture in
EG3D sometimes lead to visual artifacts as shown in Fig 4.9. Though a
solution is proposed to alleviate this issue with an extra pose estimator and
fine-tuning, how to resolve this challenge in the single stage is worth future

investigation.

2. Data bias of synthetic data - the proposed method may suffer from data bias
introduced by the synthetic data. As the synthetic data lacks complex details
and poses variations compared with real-world data, our method trained with
it tends to generate a simple background and fail on extreme samples. This
issue is particularly noticeable in StyleSDF-E3DGE as shown in 4.6, where
all the backgrounds are more blurry compared to EG3D-E3DGE. A future

direction is to leverage real data for semi-supervised training.

3. Faster model speed - having two models (global and local) to model the tex-

ture introduces extra computational cost. A potential solution is to leverage
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the hyper network [245] for efficient local feature incorporation to alleviate

the added computational cost of the 2D alignment module.

4. Support of more 3D GANs - it is worth exploring the potential of the proposed
framework on other 3D GANs and shapes and other editing methods uniquely
designed for 3D GANSs.

7.3 Avatar 3D Head Representations

This thesis has introduced LOC3DIFF, a new 3D generative framework, and demon-
strated its promising results across various scenarios. As detailed in Chapter 5, a
novel representation based on 3DMM anchored by 3D Gaussians-modulated local
tri-planes is first introduced, which allows the decoupling of the underlying smooth
geometry and deformation from the complex volumetric appearance. Importantly,
the proposed representation can be stored in a UV space and is amenable to gener-
ative modeling. Moreover, a method is devised to simultaneously reconstruct and
learn a latent space for our 3D representations via multi-view supervision, upon

which a 2D diffusion model is trained to perform various editing tasks.

To further improve along this line of work, some directions are worth investigation:

1. Faster rendering speed - since volume rendering is still adopted as the ren-
dering technique here, a potential solution is to directly leverage efficient 3D
Gaussian rasterization technique [200] to accelerate the model training and

inference.

2. Single-stage training - currently the proposed method requires two stages:
stage 1 auto-decoder training to get the learned UV features, and stage 2 dif-
fusion training for prior learning. A meaningful direction is to study whether

the two stages can be merged into a single stage.

3. Full body avatar modeling - a natural follow-up will be extending our method

to full body and introduce text/segmentation control [40] on local tri-planes.
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7.4 3D Representation for General 3D Objects

Generation

This thesis presents a new paradigm of the 3D generative model by learning the
diffusion model over a compact 3D-aware latent space. As discussed in Chap-
ter 6, a dedicated variational autoencoder encodes (multi-view) image(s) into a
low-dim structured latent space, where conditional diffusion learning can be effi-
ciently performed. The state-of-the-art performance is achieved over ShapeNet and
demonstrates our method over generic category-free Objaverse 3D datasets. The
proposed framework potentially facilitates numerous downstream applications in

3D vision and graphics tasks.

Though the proposed method is a step towards a general 3D diffusion model and
can inspire future research in this direction, a few potential paths are outlined here

for future exploration:

1. Efficient VAFE training - the volume rendering is memory-consuming. Ex-
tending our decoder to more efficient 3D representations such as 3DGS [200]

shall alleviate this issue.

2. Support of latent-based 3D editing - currently the 3D latent space is still tri-
plane, which cannot be directly used for intuitive editing. A more versatile
3D latent space, e.g., point cloud-structured latent space, is indispensable for

more diffusion-based 3D editing.

3. Data bias of synthetic data - adding more real-world data such as MVIma-

geNet [223] and more control conditions [40] is also worth exploring.
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