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Abstract

Three-dimensional (3D) modeling plays a crucial role in a wide variety of real-world applica-
tions such as autonomous driving, smart cities, entertainment, education, and video game
development. Over the past decades, research has focused on enhancing 3D understanding
and improving the quality of 3D representation and rendering. Despite these efforts, ex-
isting approaches often rely on either low-level features, such as object sizes and edges, or
high-level semantics, like object categories, while neglecting the critical relationships be-
tween multiple objects. These relationships are essential for a comprehensive understanding
of 3D scenes in natural environments. Moreover, contemporary deep learning-based meth-
ods for 3D modeling often overfit due to reliance on large-scale neural networks, limiting
their efficiency and generalizability. This thesis addresses these limitations through four

key contributions centered on extracting efficient perceptual representations.

In the first part, we propose a method to extract perceptual relationships that ex-
tend 3D understanding from local cues, such as shapes and semantics, to global cues,
such as depth perception. To achieve this, we design a Visual Relationship Spatialization
(VRS) framework with two main objectives: (1) identifying perceptual relationships that
significantly contribute to 3D understanding and (2) quantifying their contributions. By
integrating these spatialized relationship representations into monocular depth estimation
tasks, we evaluate their effectiveness. Experiments on KITTI, NYU v2, and ICL-NUIM
datasets validate the efficacy of this approach. Furthermore, incorporating the relationship
spatialization framework into state-of-the-art depth estimation models results in marginal

improvements across most evaluation metrics.

In the second part, we extend perceptual relationship representations from single to
multiple viewpoints. This extension enables the integration of richer 3D information into
novel-view-related tasks, such as novel view synthesis (NVS), which requires generating
multiple novel views. To this end, we introduce a visual relationship transformation
(VRT) framework that predicts perceptual relationships from unseen viewpoints, thereby
overcoming the constraints of view dependency. By capturing transformed relationship

representations, this framework enhances 3D understanding in novel view synthesis tasks.

In the third part, we aim to improve the perceptual quality of rendered novel views, by
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using human perceptual preferences (HPP), which are sensitive to distortions in 2D images.
To this end, we design a human perceptual preference optimization (HuPPO) framework
to improve the quality of 3D renderings. The framework imposes “human perception” as
guidance to learn perceptually satisfactory representations. At the same time, the human
perception is formulated into a meta-learning objective function to regularize the training
process. Evaluation in the novel view synthesis task demonstrates the strong effectiveness

of the proposed framework.

In the final section, we extend the aforementioned methods, which primarily enhance
the quality of 3D modeling from perceptual representations, with a focus on improving
efficiency and generalizability. To this end, we propose a hierarchical controllable diffusion
model (HCDM) for learning 3D models, represented as neural radiance fields or point
clouds, using a latent diffusion model. The designed HCDM improves the quality of 3D
modeling by representing 3D models as functional parameters that are much fewer than
the size of 3D models, allowing for an efficient representation. The HCDM is designed
to learn the distribution of these parameters, improving generalizability across data from
multiple modalities. The significant performance improvement of the proposed methods is

further validated on 2D images and 3D motion data.
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Chapter 1
Introduction

3D modeling involves creating a coordinate-based representation of an object’s surface in
three dimensions by manipulating edges, vertices, and polygons within a simulated 3D
space. As a prominent topic in computer graphics, it has spurred significant research
interest in areas such as novel view synthesis, point clouds, and volume rendering. 3D
data can be represented in various formats, as shown in Fig. 1.1. Generally, a 3D data
instance is composed of appearance and geometry. For point cloud data, the appearance is
represented by the RGB values, and the geometry is represented with the 3D coordinates.
For mesh data, the appearance and the geometry are represented with texture maps and
vertices respectively. For the neural radiance fields, they adopt a multi-layer perceptron
(MLP) to represent appearance as RGB values, and geometry as the density of each point
in the field. To make 3D data applicable to different tasks, quality, and efficiency are

critical factors determining its practical applicability across various domains.

However, existing techniques to achieve higher-quality 3D models often rely on sophis-
ticated and expensive equipment, such as Light Detection and Ranging (LIDAR) systems
or time-of-flight (TOF) cameras, to capture real-world scenes. However, the demand for
greater flexibility and cost-efficiency has shifted research focus toward generating 3D mod-
els from multiple-view or single-view 2D images. Compared to LIDAR and TOF cameras,
2D images offer several significant advantages: Flexibility: 2D images can be easily cap-

tured at any time and place using a simple camera, offering flexibility in terms of time,



Point Clouds Mesh Neural Radiance Fields

GB + 3D coords (depth)

Texture + Mesh GB + Density

Figure 1.1: 3D data formats: Point clouds, Mesh, and Neural Raidance Fields.

location, and device. Cost-effectiveness: LIDAR and TOF systems are currently more
expensive than standard cameras or smartphones, making 2D imaging a more economi-
cal alternative. Storage efficiency: Storing 3D data requires much more space than 2D
images, as it includes depth information for each pixel, whereas 2D images are far less
storage-intensive. Therefore, extracting 3D information from 2D images shows high po-
tential and plays a crucial role in promoting 3D modeling techniques. Nevertheless, this is
challenging, because 2D images lack most depth information, making direct 3D modeling
difficult. So it is crucial to infer 3D structures through 2D visual understanding, such
as perceptual relationships. To this end, this thesis focuses on learning rich 2D visual
understandings and representations to enhance 3D understandings and quality. Besides,
the learned representations are also stored in an efficient and general way. In the follow-
ing sections, we outline the motivations for pursuing higher-quality and more efficient 3D
modeling, followed by a chapter-by-chapter clarification of our objectives. We then detail
our contributions compared to existing methods and highlight the associated publications.

Finally, we provide a summary of the thesis roadmap.



Figure 1.2: The illustration of how visual perceptual relationships help enhance 3D under-
standing. The left figure illustrates the single-view scenario, where an observer captures
a relationship “behind” to enhance understanding of instance positions. The right figure
illustrates the multi-view scenario, where perceptual relationship prediction from “behind”

to “left to” across views helps reason instance positions in the novel view.

1.1 Motivation

1.1.1 Perceptual Relationships for 3D Understanding

In the natural scene, humans are able to estimate 3D information with monocular images,
even without explicit 3D stimulation, i.e. binocular parallax. This is because we can reason
the depth information of objects by their perceptual relationships. As shown in the left
image of Figure 1.2, the object “playground structure” is “behind” the “bench”. With the
relationship “behind”, it indicates the depth of the “playground structure” should be larger
than the “bench”. Here the larger the depth denotes the farther to the camera. However,
current methods for estimating 3D information, i.e. depth, from 2D images typically rely
on pixel-level relationships. These approaches use convolutional neural network (CNN)s
to capture pixel correlations within specific receptive fields. Specifically, they employ an
encoder-decoder architecture that extracts low-level information, e.g. shape, contour, and
contrast of 2D images. However, low-level information alone offers only pixel-based cues,

which overlook the high-level correlations, thus limiting the depth estimation’s precision.



To further improve accuracy, high-level semantics, i.e. the perceptual relationships between
objects in a scene offer valuable 3D insights. Recognizing a relationship like “Playground

structure behind the bench” offers crucial instance-level depth cues.

To leverage depth cues in perceptual relationship representations to enhance 3D under-
standing, we try to figure out: (1) Which relationships are effective for depth estimation;
(2) How to quantify their contributions? In Chapter 3, we design a VRS framework to
answer the questions. Specifically, the relationship spatialization adopts a relationship de-
tector to extract perceptual relationship representations. Then these representations are
“spatialized” to align with the shape of input images. Further, the aligned relationship
representations are taken as input to an attention module to identify and quantify effective
ones. With the proposed framework, we can estimate more accurate depth from monocu-
lar images. Extensive experiments on the MDE task demonstrate the effectiveness of our
method.

1.1.2 Perceptual Relationship Transformation for 3D Understand-

ing

Estimating depth from monocular images is convenient when 3D models are not required.
However, in many scenarios such as 3D movies, the developers always need to construct
3D models from multiple 2D images and use them to render novel views. In these cases,
3D understanding is crucial for the quality of constructed 3D models and rendered novel
views. However, the perceptual relationship is not accessible when we want to render novel
views. As shown in the right figure of Figure 1.2, if we know the perceptual relationship
of “playground structure behind bench” will transform into the “playground structure
left to bench” in the novel view, providing the transformed relationship representation
helps get more accurate 3D information thus higher quality rendered images. In another
aspect, perceptual relationships derived from a single image are highly view-dependent and
can be ambiguous when applied to novel view synthesis. Directly involving them in novel
view synthesis would mistakenly infer depth and spatial relationships from different angles.
Therefore it is crucial to establish robust relationship understanding to effectively leverage

the rich 3D information provided by perceptual relationships in novel view synthesis. This
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Figure 1.3: The illustration of utilizing human perception and efficient representations to
improve the quality of 3D models. The left figure presents that the 3D models suffer from
low perceptual quality in novel views. The right figure presents that 3D models can be

represented with a compact and general neural network.

helps to avoid depth ambiguity and ensures accurate and consistent generation of new

viewpoints.

In Chapter 4, we propose a VRT framework to dig out 3D information in perceptual
relationships and impose them for novel view synthesis. Learning the transformed relation-
ship is challenging in two aspects: (1) the variation of relationships between original and
novel views can be large. For example, a relationship may disappear, emerge, or change in
the novel view; (2) The predicted relationships should be structurally consistent with the
original ones. To solve the challenges, we propose two techniques: (1) separate learning
of relationships and presentness; and (2) graph structure matching. Extensive results on
novel view synthesis demonstrate the effectiveness of the method. Moreover, we find that
transformed relationships are also robust to large-view transformation. So they are appli-
cable for many downstream tasks, such as 3D object referring, and pedestrian trajectory

prediction.

1.1.3 Human-perceptual-preferences for 3D Understanding

Perceptual relationships provide valuable information for 3D understanding but are limited
to scenarios involving multiple objects. Recently, there has been growing interest in repre-

senting single 3D objects, where such relationships do not apply. As illustrated on the left



side of Figure 1.3, rendering novel views of 3D models can result in low perceptual quality,
often due to a limited number of available 2D views. In these cases, HPP can help generate
more photorealistic rendering. A key advantage of human perception is its sensitivity to a
wide range of visual and contextual factors beyond perceptual relationships. HPP, often
quantified as the rank of quality of experience (QoE), is sensitive to both pixel-level and
instance-level inconsistencies. For example, pixel-level distortions, such as anomalies in
an object’s edges or textures, can lead to lower QoE. At the instance level, irregularities
in human faces or object shapes also detract from perceived quality. Furthermore, HPP
evaluates the overall fidelity of 2D images, offering critical constraints to maintain global
coherence and quality in 3D rendering. Human perception is more sensitive to distor-
tions that might otherwise go unnoticed in perceptual relationships. For instance, noise
in objects may not impact the recognition of visual relationships but can still be detected
by human perception. This makes HPP a more sensitive and comprehensive source of

information for improving 3D understanding and enhancing rendering quality.

To harness the power of human perception, we design a HuPPO framework, as pre-
sented in Chapter 5. Instead of using representations as the above methods, we formulate
the human perception preference into loss function. Specifically, the proposed method
contains three parts: (1) The candidate selection module. Since evaluating the perceptual
preference on every view is infeasible, we instead count on the human perception to select
reasonable candidates for enhancement; (2) HuPPO objective formulation. We formulate
the human perception into HuPPO objective given the selected candidates. (3) Meta-
training pipeline. Since meta-learning helps extract shared data features, we add an extra
H-step to learn the perceptually satisfactory features shared between original supervision
and anchor viewpoints. Experiments on few-shot neural radiance fields demonstrate the

effectiveness of our framework.

1.1.4 Efficient and General 3D Representations

The above methods discuss how to leverage perceptual relationship representations to en-
hance 3D understanding and quality. In another aspect, representation efficiency and

generalizability are also crucial. When storing 3D models as RGB and depth values, the



storage requirement amounts to at least 4 x N x H x W parameters, where N, H, W repre-
sent the number of views, image height, and width, respectively. This storage consumption
scales with the number of pixels, making it impractical for high-quality images. As an al-
ternative, 3D data can be represented as a continuous function using a coordinate-based
neural network where only the model parameters need to be stored. The storage require-
ment remains constant regardless of the number of pixels, offering a far more efficient
solution than depth maps, meshes, or point clouds. As shown in the right of Figure 1.3,
existing 3D models such as neural radiance fields utilize neural networks to overfit a scene
with multiple 2D images. The overfitting brings about two limitations: 1. the size of the

neural network is inevitably large to get better quality; 2. the generalizability is limited.

To this end, we explore the general representation of 3D data to balance representa-
tion efficiency and quality and propose a HCDM to learn the general representations in
Chapter 6. Specifically, the proposed method contains two stages, for stage 1, each data
instance is fitted with MLPs and collects parameters of all MLPs. In stage 2, the proposed
HCDM is utilized to learn the distribution of collected parameters. The HCDM can learn
general representations by modeling the hierarchical structures of the MLPs. We first eval-
uate the model on 2D images and then apply it to multiple data modalities such as point
clouds, neural radiance fields, and 3D motion. The results show the proposed method can
generate novel data on any data modality with higher diversity. Moreover, the hierarchical

representations also allow for controllable data generation.

1.2 Objectives

This thesis targets enhancing the quality and efficiency of 3D modeling by leveraging
perceptual relationships and representations from 2D images. The specific objectives are

summarized as follows:

e In Chapter 3, we introduce VRS, a method designed to extract perceptual relation-
ships in 2D images to enhance 3D understanding. With the extracted relationships,

we apply them to monocular depth estimation.



e In Chapter 4, we present VRT, which aims to enhance the quality of synthesized
novel views through transformed relationship representations. These transformed re-
lationships capture spatial information in novel views where the original relationships

are unavailable.

e In Chapter 5, we propose HuPPO, which aims to leverage human perception to help
improve the quality of novel view synthesis. It is more applicable than perceptual

relationships in single-object scenarios.

e In Chapter 6, we propose HCDM to learn efficient and general representations for
3D data generation. The hierarchical structure of representations also allows for

controllable generation.

1.3 Contributions

This section outlines the key contributions of the thesis, providing a detailed summary of

the contributions made by each project.

1.3.1 Visual Relationship Spatialization

The VRS framework, presented in Chapter 3, works on enhancing 3D understanding with
extracted perceptual relationship representations. Its contributions are summarized as

follows.

e We propose a novel framework that makes the first attempt to spatialize the rela-
tionships for depth estimation. The framework addresses the limitations of previous

works, which rely solely on semantics, and often lack global constraints.

e We design a relationship spatialization module and apply an attention mechanism,
with which the spatial priors from relationships are mined automatically, identified

effectively, and quantified adaptively.



e Our proposed framework can be implemented on any deep learning-based monocular
depth estimation method for performance boosting. Experiments on all datasets

show encouraging and promising results.

1.3.2 Visual Relationship Transformation

The VRT framework, presented in Chapter 4, works on predicting transformed relation-
ships for unseen views, the transformed relationship representation helps enhance 3D un-

derstanding. Its contributions are summarized as follows.

e We introduce a new task, termed VRT, along with a novel equivariant graph network
designed to tackle this task. The proposed method predicts multi-view relationship
understanding, offering global information for 3D modeling, in contrast to previous

methods that rely solely on local semantic information.

e To evaluate the recognition accuracy of our VRT, we conducted extensive objective

and subjective experiments and our VRT obtained encouraging results.

e Moreover, by adopting our VRT as a plug-in module, state-of-the-art methods in 3D
visual grounding, novel-view synthesis, few-shot neural radiance fields, and pedes-
trian intention estimation have achieved considerable qualitative and quantitative

performance improvement.

1.3.3 Human Perceptual Preference Optimization

The HuPPO relies on human perception preferences to improve the quality of 3D rendering,

which also adopts a meta-training pipeline. The contributions are summarized as follows.

e This work presents the first framework to incorporate HPP into direct preference
optimization, termed HuPPO, enabling the use of perception scores as the objective
function. The introduced HPP significantly enhances the perceptual quality of ren-

dering, a factor that has been largely overlooked within the 3D modeling community.



e We theoretically define a HuPPO loss function that leverages human perception as
guidance to optimize training perspectives. The loss function facilitates the learning

of perceptually satisfactory and robust features.

e We design a positive and negative candidate generation module. It includes a hyper-
restoration module to increase novel views in the condition of ground-truths shortage.
The module can alleviate different levels of degradation by exploiting human percep-

tion scores as hyper-modulation.

1.3.4 Hierarchical Controllable Diffusion Model

The HCDM adopts a two-stage pipeline to achieve efficient and general representations for

3D data. Its contributions are summarized as follows.

e We model 3D data representations using a Layer-of-Experts framework to align the
inherent hierarchy of data semantics with the model architecture, the alignment
enables fine-grain control of data generation. In contrast, existing methods overlook
the hierarchical structure, resulting in a lack of generalizability and control over data

generation.

e We propose modeling conditional dependencies within parameters using the proposed
HCDM, enabling hierarchical control over the generated data semantics at varying

levels of granularity.

e We offer theoretical analysis and empirical evidence to show the inherent connection
between the hierarchy of parameters and data semantics, validated through extensive

experiments across various modalities.

1.4 Publications

While studying the project, we achieved significant progress, which has been published or
submitted to conferences and journals. We provide a list of our papers and their connections

to the chapters as follows:
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e The paper titled “Relationship spatialization for depth estimation” was published in
the 16th European Conference on Computer Vision (ECCV) 2022, and contributes
to Chapter 3.

e The paper titled “Visual Relationship Transformation” was published in the 18th
European Conference on Computer Vision (ECCV) 2024, and contributes to Chap-
ter 4.

e The paper titled “Human Perception-Guided Meta-Training for Few-Shot NeRF”
was published in the International Conference on Acoustics, Speech, and Signal Pro-
cessing (ICASSP) 2024, and contributes to Chapter 5.

e The paper titled ‘Controllable Data Generation with Hierarchical Neural Represen-
tations” was submitted to the Thirteenth International Conference on Learning Rep-
resentations (ICLR) 2025, and contributes to Chapter 6.

1.5 Thesis Outline

With the objectives and contributions, the thesis roadmap is summarized in Fig. 1.4. We
extract perceptual relationship representations to solve MDE and NVS as presented in
Chapter 3 and 4. Then, the perceptual preferences are extracted to enhance 3D mod-
eling quality as presented in Chapter 5. Finally, we construct efficient and generalizable

representations for 3D data generation as presented in Chapter 6.

The structure of the following thesis is organized as shown in follows:

e Chapter 2 provides a comprehensive background study and literature review of graph
neural networks, relationship recognition, depth estimation, pedestrian trajectory

estimation, 3D modeling, and implicit neural representation.

e Chapter 3 describes the methodology, implementation, and experiment of the pro-
posed “Visual relationship spatialization”. It also includes extensive analysis and

ablation studies to evaluate the effectiveness of the proposed method.

11
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Figure 1.4: Thesis roadmap for solving monocular depth estimation (MDE), novel view
synthesis (NVS), and 3D data generation (3D-gen).

e Chapter 4 explains the detailed method and implementation of the proposed “Visual
relationship transformation” framework. It also presents the potential applications

the framework can work on.

e Chapter 5 provides a formulation of “human perceptual preference optimization” and

proposes a meta-training framework to enhance 3D quality.
e Chapter 6 explores the efficiency and generalizability of 3D representation.

e Finally, Chapter 7 concludes the thesis and presents a promising outlook for future

research.
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Chapter 2
Literature Review

In this chapter, we review the prior works related to our thesis, including graph neural
networks, relationship recognition, depth estimation, pedestrian trajectory prediction, 3D

modeling, and implicit neural representation.

2.1 Graph Neural Network
A graph neural network (GNN)[217, , , : , , 26, 11, 78, , 98, 88, :

, 2, | is a deep learning model specifically designed to process data represented as
graphs—mathematical structures comprising nodes (vertices) and edges that model pair-
wise relationships between entities. GNNs excel at capturing the relationships and de-
pendencies between nodes, making them particularly effective for tasks involving non-
Euclidean data, such as social networks, molecular structures, and knowledge graphs. Ear-
lier works on GNN often relied on pre-defined node and edge features or aggregated these
features iteratively[293, , , |, a process that is both computationally expensive
and time-consuming [70, , 93, ]. More recently, approaches have been proposed to
learn these features directly, streamlining the process and improving efficiency. Specifi-
cally, the spectral-based GNN implement the spectral theory for graph convolution design

[143, , 44, , 17], and spatial-based ones utilize the mutual dependency by designing

13



the information aggregation manner [169, ) ) , ) ) , ) , , )

, , : ]. More recently, the hierarchical graph convolutional network (GCN)
[330] with high representation capability is proposed and shows promising performance. In
the following parts, I will introduce the theory, applications, and other details of the graph

neural network.

2.1.1 Spectral-based GNN

The spectral-based GNN was first proposed by Shuman [255] to process irregular high-
dimension data based on the spectral graph theory, which involves with convolving input
signal f with a kernel H. However, applying standard convolution operations to irregular
data presents several challenges:

1. A “classical” signal f(¢) has a concept of “translate to the right by 3” to get f(t—3).
But for graph signal, it is not clear to say "translate by 3”. Because it doesn’t have a clear

order, thus is not “shift-invariant”.

2. Multiplying a signal with a complex exponential signal corresponds to translation
in the Fourier domain. However, the signal on the graph is irregularly spaced, making it

difficult to define translation in the spectral domain.
3. It’s difficult to down-sample a signal on graph vertices.

4. There is no easy method to create a coarser graph that somehow captures the

structural properties of the original one.

5. There is no easy localized operation to compute information from small neighboring

vertices.
Problem settings

To solve the challenges, the spectral graph is proposed. The problem settings of the
spectral graph theory are explained as follows. Assume we have an undirected weighted
graph G, which contains vertices V with |V| = N (each vertex has a C-dimensional feature
vector), a set of edges E, and an adjacency matrix W. If the edge e(i, j) which connects

two vertices 7, j exists, the entry w; ; denotes the weight of the edge; otherwise w; ; = 0.

14



A signal defined on a graph is denoted as {f : V' — R}. If the graph has N vertices, then
f=1f(v), -, f(vn)]. In GNN, f is generally represented by embedded features with
f € RN where C' denotes the shape of features.

The Graph Laplacian

The Graph Laplacian is at the core of the spectral graph theory. Here the Graph
Laplacian refers to the unnormalized one. Generally in a graph, the Laplacian is defined
as L = D — W, where D is a degree matrix, which is diagonal with the ¢-th diagonal entry
D; =>" jwij. Given the defined signal f on the graph, the Laplacian operation of the f

is formulated as:

(L)) =D wislf () = f()]

JEN;

The Laplacian operator is a difference operator, describing the average difference level

between the vertices 7 and its neighboring vertices ;.
There are some definitions and properties for the Laplacian matrix:

1. The Laplacian matrix is a real symmetric matrix, it has a complete set of or-

thonormal eigenvectors, denoted as {u;}, and corresponding real non-positive eigenvalues
{N}i=01, N1

2. The number of zero eigenvalues indicates the number of connected components,

namely sub-graphs.

3. The eigenvalues of Laplacian matrix is sorted as 0 = A\g < Ay < A+ < Ay =

Amaz- The spectrum of the Laplacian matrix is defined as {\g, A1, -+, An_1}
The graph transform

Recall the classical Fourier transform on a one-dimensional continuous signal

A

F(6) =< £, 5= /f<t>ew£tdt
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The Fourier transform can be understood as the expansion of the signal f(¢) with the

complex exponentials e?™¢. What is interesting is the complex exponential e?™¢ is an

eigenfunction of the Laplacian operator
92

_A(627rj£t) — __6271']'51‘, — K. e27rj£7f
ot?

One step further, the e?/¢t

is the eigenfunction for any order derivation operators. The
Fourier transform can be understood as projecting a signal from the temporal domain to

the spectral domain. Accordingly, the graph transform is defined as

FOu) =< fu >= Zf(l)uzl

The connections between the graph transform and Fourier transform can be explained
in this way: for Fourier transform, it has a space that is constructed on bases e?™¢. Each
signal f(t) can be represented by these bases, the coefficient of which is exactly f(£). The
bases can be seen as the eigenvectors for the Fourier transform (this is an analogy only
since the Fourier transform is operated on a continuous signal). For graph transform, each
graph signal f is transformed into the spectral domain, which has bases {uq,us, - u}.
The eigenvectors u; corresponding to low frequency \; vary slowly across the graph and

vice versa.
Spectral graph convolution

Given the input node features X € RY*! defined on a graph G, we want to learn a
convolutional kernel H € R¥*! the process of the spectral-based GNN is formulated in

the following steps:

1. Eigen-decomposition of Laplacian matrix L: L = UAU'. Each column of the U is
the eigenvector of the L. A is a diagonal matrix composed of eigenvalues. The Laplacian
matrix of a graph G is decomposed into a set of orthogonal bases. The input node features

X can be projected to the space formed with the bases.
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2. Project the H and X to the spectral domain using U:

H=U"H, 21)
X=U"X. '
3. Spectral multiplication and reprojection:
X' =U(HX),
(2.2)
=UWU'H -U'X).

Where X’ denotes the output feature of one GNN layer, - denotes pointwise multipli-
cation. To get deep GNN, multiple layers need to be stacked and rerun the above steps.
For the final output node features, there are two kinds of tasks that can be applied. One
is the node-level task, such as social media account classification, in which each social
media account is represented as one node. The second is the graph-level task, such as text
classification, in which each word in the text is seen as one node, and the whole graph can

be classified as spam or not.

2.1.2 Methods and applications of spectral-based GNN

For spectral-based GNN, the core work is to design the convolution kernel H. The equa-
tion 2.2 can be simplified as X’ = UH, U X. There are several methods for designing H,,.
[17] set H,, as a diagonal matrix H, = diag(w),w € RY. This method requires a global
convolution of the kernel and the signal and is highly inefficient. [102] proposed a parame-
, 11] proposed a ChebNSet to
approximate the kernel H,, up to the K*" order. The convolution can then be formulated

terization method to make the kernel spatially localized. [

as

Hy,* X ~ Zwka(i)x,
k

L= T 2 - In,
max (23)
Tk(a:) = QLBTk_l(.T) — Tk_g(iv),
TO(I) = 17
Ti(z) = =,

17



where w7y (L) denotes the approximation, L is the Laplacian operator, and A, is the

largest eigenvalue. By the summation on k, the ChebNet has a K-localized convolution.

[127] proposed a GCN by simplifying the equation 2.3 with K = 1. Besides, for
a normalized Laplacian operator, its maximal eigenvalue is 2. So the equation can be
simplified as H, * X ~ woX + wy(L — Iny)X. Further, constrain the parameter w =
wo = —wy, we have Hy, * X ~ w(Iy + D’%WD’%)X. As stated in [127], renormalization
(In+ D 2WD~2) — (D"2WD~2) can prohibit the gradient vanishing problem. The final

form is represented as

Other methods like [117] proposed AGCN which learned adaptive relations among
vertices that can be further added to the existing edges. This method makes the graph
structure capable of alternating in training. [372] proposed DGCN to capture both local

and global consistency using two networks.

2.1.3 Spatial-based GNN

The spectral-based GNN has some limitations; 1. It cannot be applied to the directed
graph, 2. the graph structure can not be changed during training, 3. its computation
complexity is high. To overcome these drawbacks, spatial-based GNN is put forward. The
idea of the spatial-based GNN is to make a direct convolution operation on the graph.
This operation can fit the different structures of neighboring vertices and also has local
invariance. [60] proposed neural FPs that aggregate neighboring vertices according to their

degrees:

t=hi+ > hl

UE Ny (24)
B = (W),

where W{ refers to the weight matrix. |N,| refers to the degrees of vertex v. This

method does not suit the graph with large degrees. [98] proposed an inductive framework
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for embedding and aggregation for a vertex and its neighbors, named GraphSAGE.

hfjfvl = AGG 1 ({Rh!,Yu € N,}),

B — S(WEL . R RtY (2.5)
o =0 [hollh, 1)

where AGGy,, denotes information aggregation, which can be a mean, pooling, or long
short-term memory (LSTM) operation. [285] proposed a prevalent network ‘graph atten-
tion network’. The idea is to aggregate information from the first-order neighbor nodes.

The process is formulated in:

hi=o(z Y agW'hy), (2.6)
k,jrNi
afj denotes each entry of the adjacency matrix, W* denotes the weight parameters, and h;
is the feature from the last layer. [197] proposed a MoNet to unify the framework of the
spatial-based GNN. In the Monet, each vertex of a graph can be regarded as the origin of a
pseudo-coordinate system. The convolution operation is defined according to two functions
f and g.

2.2 Relationship Recognition

In this work, we focus on the inter-object relationships, which describe the cross-object
interactions in a scene. Thanks to the boosting performance brought by deep learning,
DNN-based methods show promising performance due to their high representation capa-
bility [12, , , , , , , , , ]. The most related works to ours
are the ones that try to detect the relationship in scene graphs as one of the attributes
[154, , 67, 22, |. Here we introduce two approaches for scene graph generation

(SGG): two-stage and one-stage.

2.2.1 Two-stage methods

The scene graph generation requires the model to simultaneously detect objects and re-

lationships among them. It is tough since the object detection accuracy would affect the
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relationship recognition. Currently, two-stage scene graph methods are prevalent since they
unload the object detection to offline models like faster-renn [232] which is pre-trained on
the large-size dataset. There are many types of two-stage methods. Some popular ones

are described below.

Conditional random field based SGG:

The scene graphs were first put forward by [117] and utilized for image retrieval. In
the task, a scene graph can represent the interactions between objects in an image, thus
providing a better set of retrieval features. [217] proposed to use two parsers, a rule-based
and a classifier-based to model the dependency as transition belief in a scene graph. [12]
used two potential functions which both model the appearance and predicates of any two

objects.

The objective of the SGG is to maximize the function:

P(SGIT) = [] Plos, o™ |1)- [] P(risslD), 2.7)

OZEO TisjeE

where the I denotes the input image, o; denotes the 44, detected object, and of*® denotes
the bounding box. r,_,; denotes the relationship between objects 7,j. The first term
maximizes the object detection accuracy given the input image, and the second term tries

to maximize the relationship recognition.

Knowledge graph based SGG

The knowledge graph is popular in natural language processing to embed the language
according to its semantics. It has a similar structure to the scene graph. Combining the
pros of the knowledge graph [319], the SGG tries to model the relationship in the form
of (subject-relationship-object), also denoted as (s, p,0). The idea is that any s can be
translated to o by the relationship p or /p as s+ p =~ o or s+!p ~ 0. Both s,0 are
represented with parameters Wy, W, as s = Wz, 0 = W,x,. The regularization term, its

main purpose is to relieve the noise level in the estimated cost volume computed from the
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extracted features.
Wixs +t, = Woa,, (2.8)

where ¢, denotes translations. The objective is formulated as

L= —log[softmax(t, (Wox,) — Wyz,)]. (2.9)

(s.p,0)
Based on the formulations, [319] proposed to embed the objects’ representations to low-
dimensional space, and predicates’ representations to translation vectors. [111] applied the

scene graph to the unseen relationships. In this work, the context information is aggregated

to capture rare and unseen relations.

CNN-based SGG

For CNN-based SGG, the relationship is also modeled as the form (subject-relationship-
object). Firstly, an object detection model would extract bounding boxes related to objects
and then predict relationships given the object features. In this process, some weak con-
nections might be cut off for computation consideration. [12] applied CNN to the scene
graph generation. They explored the spatial information and statistical dependency in
the (subject-relationship-object) tuples. The method can be divided into three steps: 1.
Region proposal. In this step, a single image is parsed into different objects with bounding
boxes; 2. Filtering. Some unimportant objects or relationships are filtered out according
to their spatial information and object categories. 3. Generation. All pairs of objects are
processed, as well as their appearances, and statistical dependencies with different predi-
cates. [107] not only used a fixed object detection model but also tried to finetune it in the
training. They proposed the SIN network, which considered both visual appearance and
contextual information. In the SIN, they adopted the same technique region of interest
(ROI) pooling as in the faster-RCNN. So each object is embedded into a feature vector and
regarded as the node. After that, both spatial and visual features are aggregated to the
edge, which represents the influence between nodes. [350] proposed a relationship proposal
network. This model imitates the faster-RCNN to propose relationships, which aims to

remove those unimportant relationships and reduce computation complexity. In a scene,
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the number of detected objects is N, and the number of < subject, predicate, object >
tuples will be N x N. In the work, 9 kinds of relationship proposals are used according
to different conditions. So three sets of features of subject, predicate, and object are then
connected to get a score. [300] proposed a LinkNet to improve the scene graph generation
performance by exploring the inter-dependencies among all detected objects. The LinkNet
contains three components: 1. Relation embedding: it proposes all objects and relation-
ships for classification. 2. Global context encoding: it tries to model the influence of the
context information. 3. Geometric layout encoding: it encodes the spatial information for

better classification.

GNN-based SGG

The scene graph generation has an innate similarity with the GNN. So it is natural to
model the scene graph with the GNN. Here an object detection model is first applied.
Then all detected objects act as nodes to construct a graph, and the connections among
nodes are seen as relationships. By using spectral-based or spatial-based GNN, an image

can be modeled as a scene graph.

[112] put forward to using the Language prior, which makes the relationship recognition
more consistent with our common sense. It obtains the statistics of predicate distribution
and adjusts the probability of the recognized relationships. The model first extracts the
objects from the image and then uses an iterative message passing to optimize the graph
neural network. Besides, an offline relational module that represents the language priors
is used to refine the recognized relationships. [318] proposed a graph RCNN that contains
three stages: 1. object detection; 2. relationship proposal; 3. graph context integration.
In the beginning, the model used a faster-RCNN for object proposal. Then, a relationship
proposal network is utilized to obtain meaningful relationships. Besides, an attentional
graph convolutional network is proposed to aggregate relationship representations from
neighboring nodes. [3] tried to combine the attention with the transformer. The original
transformer was proposed by OPENALI for language processing. Here the author puts the
final layer output to the “attention graph” and trains with two cross-entropy losses. The

advantage of the method is it can construct the whole graph “holistically” so that all nodes
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can be output at once in a parallel way.

2.2.2 Omne-stage methods

The two-stage methods use an offline object detection model to generate object proposals.
However, the proposals are immutable during scene graph generation. So some one-stage
methods are proposed to jointly train object detection and relationship recognition. Here
the dataset would be an obstacle. Fortunately, the image caption tasks provide a promising
solution. [149] simultaneously solve three tasks: object detection, scene graph generation,
and image caption in a single model. The model first generates object and caption region
proposals, and then feeds them into a dynamic scene graph generation module. Finally,

three heads are applied to output object categories, scene graphs, and image captions.

2.2.3 Datasets for scene graph generation

Visual phrase [239] is a dataset for visual phrase recognition. It contains 8 object cate-

gories and 17 visual phrases which are formed either by interaction or activities of objects.

Scene graph [117] firstly put forward a scene graph dataset for real-world scenes. It

contains 5000 images, and each image contains a human-annotated scene graph.

Visual relationship detection [I74] proposed a benchmark for scene graph genera-
tion. The work highlighted one important phenomenon, long-tail distributed relationships.
The training data contains 4000 images and the test data contains 1000 images. The

relationships include action, verbal, spatial, preposition, and comparative ones.

Visual Genome [|32] is one of the most prevalent datasets for scene graph generation
in current days. It has more relationships and diverse object categories. The dataset is
annotated by the crowd work. The advantage is the annotations comply with the majority
of our commonsense. The disadvantage is that some parts of the annotations are of poor
quality. Some researchers tried to reform the dataset, including VG200 [319], VG150 [310],
VG-MSDN [119], VG80K [351], and sVG [12]

23



Open images [ 33] offers 9 million images with annotations: image-level labels, bound-
ing boxes for objects, object segmentation masks, visual relationships, and localized narra-
tives. 8.3 objects are contained in each image on average. There are 16 million bounding
boxes in total for 600 class objects. It is the largest existing dataset, which pertains to
different tasks.

ImageNet-VidVRD[251] provides data for video visual relationship detection. It is
constructed on 1000 videos, 35 categories of objects, 3219 relationship triplets, and 132

predicate categories.

VidOR [250] has 10000 videos measuring more than 98.6 hours. It contains 80 objects
and 50 predicate categories. There are 7000 videos for training, 835 videos for validation,
and 2165 videos for testing. The average length of the video is 35 seconds. The relationships

are divided into two types: spatial relationships and action relationships.

2.2.4 Applications of scene graph

Image retrieval. This is an old but important task in computer vision. The task requires
the user to give the query, like an image or text description, and the model returns the
retrieved images. The scene graph has a good representation of inter-object interactions
in a scene, which makes it capable of reasoning about images. Besides, the scene graph is
able to ground the object in an image region. For image-based queries, it tries to find the
most similar samples from both text and image domains. The similarity is quantified as
the score. Both text and image can be constructed with scene graphs. The similarity can

be calculated on node-level and edge-level.

Image generation. This task refers to generating complex realistic scenes from the
objects and the desired layouts. There are many challenges: 1. how to process the graph-
structure data, 2. how to guarantee the uniformity between the generated images and their

corresponding graphs, and 3. how to guarantee the fidelity or authenticity of the scene.

Image/Video captioning. The captioning based on the scene graph is different from
the traditional one. It has two steps, concept recognition and sentence construction. For

language-and-vision tasks, grounding the objects in an image with the text in a phrase is
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important. Method [111] tried to use two generators to generate image and text features

for visual grounding. Scene graph-based autoencoder is also applied for image captioning
[320].

Visual question answering. Scene graphs contain abundant information about the
objects such as appearance, shape, attributes, and relationships. So it provides explicit cues
for question answering. [318] motivated by traditional methods using knowledge graph,
adopts the scene graph as reasoning cues. [37] proposed to use an attention mechanism for
visual question answering. The methods try to combine the natural language explanation

to answer a question.

Image understanding and referring To understand an image, it needs to be parsed
into the form of (objects, actions, scenes). Some high-level understandings need to be
extracted thereby. So a scene graph can provide priors for reasoning. [5] proposed a
scene description graph to construct a perception system. In this work, the common-sense

knowledge is constructed with a Bayesian network on objects’ occurrence frequency.

2.2.5 Methods statistics

‘ Methods ‘ VTransE  Vip-cnn  Graph-renn - RelDN - MotifNet VidVRD VCTREE  self-supervision
Performance (R@50) 14.07 17.32 11.40 28.30 27.20 5.54 27.90 28.28
Dataset VRD VRD VG150 VG150 VG150 ImageNet-VidVRD VG150 VG150
Year 2017 2017 2018 2019 2018 2017 2019 2020

Table 2.1: Statistics of some state-of-the-art methods.

2.3 Depth Estimation

Early works of depth estimation [244, 69, (8] focus on utilizing geometry-based information,
such as the points correspondence among different views. With the development of deep
learning techniques, the CNN based depth methods [62, 61, , 19, 72, 16] show superior

performance on depth estimation tasks. Some of them try to improve the performance by
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avoiding using the ground-truth information from the real world [231, , 9, 34, , 80,
, , , , 73, 71, 74, |, which reduce the demand for expensive annotations.
Other works aim to increase the methods’ generalizability and work in the wild [376, 29,
, 30, , , | thus saving the heavy training cost. The most related works to ours
are the multi-task ones[100, , , , 61, , , , , , , , , 27,
, ], where information from other tasks are used in depth estimation. However, none

of them utilizes the spatial priors in inter-object relationships. In this section, we introduce
depth estimation from two aspects: stereo-based depth estimation and monocular depth

estimation.

2.3.1 Stereo-based depth estimation

For stereo-based depth estimation, the basic method is to estimate by stereo matching. The
method would take n = 2 images as input and output a disparity map D. The objective

function is

E(D)=) Clx,d,)+ Y Y Eid,.d,), (2.10)

z yeN,

where x,y denotes pixels and N, denotes the neighboring pixels of . The first term
measures the cost of matching pixel = in the left image to pixel y in the right image. In
the case that the depth level is discretized into ng levels, the C(z, d,) represents a 3D cost
volume with size H X W X ng. The second term provides regularization for the estimation.
The general framework for stereo matching contains four steps, 1. feature extracting, 2.
feature matching, 3. disparity computation, and 4. post-processing. [315, , | applied
CNN to take two patches both from the left and right images to extract features. Then
a matching module would be applied to the two patches to evaluate the similarity. One

commonly used is smoothness regularization:
Es(dm,dy) = 0415(dxy = ].) + OéQ(S(dxy > ].), (211)

where d,, = d, — d, and ¢ is Kronecker delta function.

Another method uses an end-to-end framework. The early works like FlowNet-Simple

[2] and DIspNetS [180] applied encoder-decoder to stack left and right images to a 6D
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cost volume. The advantage of this type is it doesn’t explicitly require stereo-matching
steps but needs a lot of data.

2.3.2 Monocular depth estimation

The MDE is that humans can perceive depth by the motion parallax and object layouts in
a single image. So a single image provides abundant depth cues. Some deep learning-based

works try to solve the problem by exploring priors.

Supervised method. For the supervised training, the MDE problem can be seen as
a regressive problem [(62]. So a deep neural network could be applied to it. The objective

1s:
J(d,d) —NZHd &[5 (2.12)

where d denontes the predicted depth, d* denote the ground-truth depth. The framework
of the [62] is the most well-known for MDE. It is composed of two components. The whole

model is trained in an end-to-end manner. The objective is formulated as

Ld,d") = Zyz Q(Zyn?

where y? = log(d) — log(d*). In this way, the objective is to estimate the log depth of the
image. [01] proposed a network that is able to estimate the surface normal, depth map,

and semantic label from a single image input. The additional objective is formulated as

N

1 2 2
Lg= N Z[(vxDz) +(VyDi)7], (2.13)

where D; = log(d;) — log(d}), V denotes the differential operator. This term constrains
the output to have similar gradients as the ground truth. [180] extended the model and
applied it to the scene flow estimation. [252] proposed to use a fully CNN-based framework

for depth estimation. [135] proposed to use Resnet for depth prediction, so that the model

was much deeper than others and had better performance. [181] put more attention on
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the application of depth in obstacle detection. The proposed model used both monocular

images and optical flow.

Self-supervised method. Unlike supervised learning, where the model uses the
ground truth as the supervision, the self-supervised methods use the geometric constraints
between frames as supervision. These methods are trained with monocular scene sequences.

The geometric constraints are formulated as
Pn—-1 "~ KTn%nlenQQn)Kilpm (214)

where the p,, denotes the pixel in an image I,,, K is the camera intrinsic matrix. D,,(p,)
denotes the depth map at the pixel p,. T,_,_1 denotes the transformation between the

images I, I,,_1. [272] use a view synthesis as a metric, and the objective is represented as
N
P

where p denotes pixels in the reference frame and the fp denotes the reconstructed frame.

Besides, the structure similarity loss is formulated as the objective

A

1-85SSIM(I, — 1, -
L,s =« 2( ) + (1 —a)|l, — L] (2.16)
Besides, [90] also proved it is more effective to use the minimal value rather than the mean

to construct the objective.

Conditional random fields method. Except for the methods using supervised or
unsupervised ways, some researchers focus on conditional random fields (CRF) for depth
estimation. In this way, the output depth map by the network would be further refined
by the conditional random fields. The depth map has the property of continuous value, so
the depth of each pixel can be refined by its neighbors. [145] use a deep CNN to estimate
the depth map at the super-pixel level. Then the depth map is refined by

E(d) =Y ¢idi) + > € eatpij(dirdy) + > delde), (2.17)

€S (,9) ceP

where S denotes the set of super-pixels, €, denotes the pair of super-pixels. The first

term measures the distance between the original and the ground truth. The second term

28



constrains the smoothness between super-pixel pairs. The third term describes the local

relevant structures.

Graph-related methods. Some works have investigated extracting information from
graph structure to enhance the accuracy of the estimated depth. We present a detailed

review of them to compare with our proposed method.

GCNDepth [185] is a self-supervised monocular depth estimation method based on
GOCN. It uses a CNN-GCN autoencoder to learn depth features from unlabeled videos and
a pose network to estimate camera motion. It can generate accurate and detailed depth
maps that preserve object boundaries and discontinuities. The advantages of GCNDepth
can be summarized as: 1. It uses a single-stage CNN-GCN autoencoder instead of two
consequent networks, which reduces the complexity and computational cost of the model;
2. It uses GCN as a decoder network to improve the detection of sharp boundaries, reduce
the background noise, and compute precise depth maps with full object details compared to
other self-supervised models; 3. It achieves better quantitative and qualitative performance
on depth estimation than existing methods on several benchmark datasets. The workflow
of GCNDepth is summarized as: (1) It takes a single RGB image as input and passes it
through a CNN encoder network to extract a low-resolution feature map. (2) the feature
map is upsampled using bilinear interpolation and reshaped into a matrix where each row
represents a node in the graph. (3) it constructs an adjacency matrix that represents
the connections between nodes based on their spatial proximity and color similarity. (4)
An adaptive edge is applied to assign different weights to different edges based on their
importance for depth estimation. (5) The node matrix and the adjacency matrix are passed
through a GCN decoder network that consists of several graph convolutional layers and
skip connections from the encoder network. (6) Adepth map that preserves the global
context and local details of the scene is output. The GCNDepth distinguishes itself from
our proposed method in the following aspects: (1) We explicitly introduce the relationship
understanding among objects into the depth estimation, which is a high-level understanding
of the scene structure. However, the GCNDepth only models the connections by weighting
the edges among nodes in a graph. (2) Our method is able to quantify the contribution
of each relationship while the GCNDepth only quantifies the importance of each row of

the image which is not related to the scene structure understanding. (3) We also claim
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to explore spatial information entailed in relationship understanding, which is out of the
GCNDepth consideration.

Neural Window Fully-connected CRFs for Monocular Depth Estimation [341] proposes
a novel method for monocular depth estimation based on neural window fully-connected
CRFs, which consists of two stages: a depth regression stage and a CRF optimization
stage. The depth regression stage uses a ResNet-50 encoder and a decoder with skip
connections to generate an initial depth map. The CRF optimization stage uses a neural
window function to define the pairwise potentials between pixels and optimize them with
mean-field inference. The neural window function is learned by a small network that takes
the image features and coordinates as inputs and outputs a scalar value for each pixel
pair. The advantages are summarized as: 1. This method leverages the potential of fully
connected CRF's to model the long-range dependencies between pixels and refine the depth
map. 2. This method splits the input into windows and performs CRF optimization within
each window, which reduces the computation complexity and makes the method feasible.
3. This method exploits the multi-head attention mechanism to compute a multi-head
neural window function that captures the relationships between nodes in the graph. 4.
The paper shows that the proposed method can handle challenging scenes with complex
structures, occlusions, and textureless regions. The method distinguishes itself from our
proposed method in the following aspects: 1. The method utilizes CRFs to model the
dependencies among pixels. In our proposed method, we try to impose the influence of
relationships to pixels by relationship spatialization. 2. The method uses multi-head
attention to model the relationships between nodes, While our proposed method explicitly
applies the relationships among objects which achieves a high-level understanding of the
scene structure. 3. We dig out spatial information contained in explicit visual relationships

which is out of consideration of this method.

Graph and Temporal Convolutional Networks for 3D Multi-person Pose Estimation
in Monocular Videos [35]. The paper proposes a novel method for 3D multi-person pose
estimation in monocular videos that combines graph and temporal convolutional networks.
It uses GCN to model the spatial relations among human joints and body parts and to
estimate the initial 3D poses from 2D poses. The temporal convolutional networks (TCN)

are used to model the temporal and human-dynamics constraints across frames and to refine
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the 3D poses by estimating the joint velocities. Its advantages are summarized as: 1. It
leverages both spatial and temporal information to improve the accuracy and robustness
of 3D pose estimation. 2. It introduces a novel velocity-TCN that estimates the joint
velocities and enforces the consistency of 3D pose estimation in consecutive frames. 3.
The method outperforms existing methods on several benchmark datasets, especially on
challenging scenarios such as occlusion, self-contact, and fast motion. Its workflow includes
three steps: 1. In the first step, the method uses a state-of-the-art 2D pose estimator to
detect and track multiple people in a monocular video and obtain their 2D joint locations.
2. In the second step, the method uses a GCN to estimate the person-centric 3D poses
for each person from their 2D poses. The GCN captures the spatial dependencies between
joints and learns a mapping function from 2D to 3D space. 3. In the third step, the method
uses two TCNs to refine the 3D pose estimation further. The first TCN, called joint TCN,
estimates person-centric 3D poses across frames and enforces temporal smoothness and
human-dynamics constraints. The second TCN, called velocity-TCN, estimates the joint
velocities and enforces consistency of 3D pose estimation in consecutive frames. This paper
mainly contributes to estimating the 3d poses for multiple people, which leverages spatial
information out of people interactions. Our proposed method distinguishes from it since

we explicitly add the interactions, namely the visual relationships to the depth estimation.

2.3.3 Datasets for Stereo-based depth estimation

There are a good number of datasets for depth estimation for training, evaluation, and

testing purposes. Some important ones are given in the table 2.2.

2.4 Pedestrian trajectory prediction

In the automotive industry, pedestrian trajectory prediction (PTP), or pedestrian inten-
tion estimation (PIE) have been an important task, which helps auto vehicles monitor the
road situation and make corresponding adjustments. Due to the development of the deep

learning community, deep models have become more and more prevalent in the literature.
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Year Type Task Resolution Scenes GT frames Depth type
Make3D [211] 2009 Real scene Monocular depth 2272 x 1704 534 534 Dense
Kitti2012 [32] 2012 Real scene Stereo 1240 x 376 389 - Sparse
MPI Sintel [18] 2012 Synthetic Optical flow 1024 %436 35 videos - Dense
NYU2 [199] 2012 Real indoor Monocular depth 640 x480 464 videos 1449 Kinect depth
RGBD-SLAM [266] | 2013 Real scene SLAM 640 x480 19 videos - Dense
SUN3D [307] 2013 Real rooms Monocular depth 640 =480 415 videos - Dense
Middleburry [243] | 2014 Indoor Stereo 2948 x 1988 30 30 Dense
Kitti2015 [189] 2015 Real Stereo 1242 times 375 400 - Sparse
CityScapes [10] 2016 Street scenes Dense depth 2048 x 1024 5K - -
DTU [1] 2016 Real small objects MVS 1200 tzmes 1600 80 - structured light
ETH3D [210] 2017  Real in/outdoor Stereo 940 %490 47 47 Dense
SUNCG [261] 2017 Synthetic Scene completion - 45K - Dense
MVS-Synth [108] | 2018 Synthetic MVS 1920 x 1080 120 - Dense
MegaDepth [151] | 2018 Real Monocular 1600 x 1600 130K 100K Dense
Jeon and Lee [111] | 2018 Real Depth enhancement - 4K 4K Dense
Omni-things [299] | 2019 Synthetic MVS 800 x 768 10240 - Dense
HR-VS [3106] 2019 Synthetic Stereo 2056 x 2464 780 780 Dense
Driving Stereo [317] | 2019 Driving Stereo 1762 x800 182188 182188 Sparse
ApplloScape [110] | 2019 Auto driving Stereo 3130 x960 5165 5165 LIDAR
A2D2 [30] 2020 Auto driving Stereo 2.3M pixels 41277 - LIDAR

Table 2.2: Datasets for depth estimation.

The PTP or PIE task refers to predicting the future trajectory, which is represented as the
coordinates of pedestrians according to the present trajectory. It involves the processing
of temporal images or videos. There are three types of techniques: recurrent neural net-
work (RNN), convolutional neural network-based (CNN-based), and generative adversarial
network-based methods (GAN-based).

2.4.1 RNN-based methods

Since the pedestrian trajectory is a temporal sequence of the coordinates, it is tightly
related to long-term information processing, where the PTP stands out. [0, , 70, ,

, | proposed using LSTM to model the temporal relations in trajectory. [0] claims
each human’s trajectory would be influenced by the others’, and the hidden states in LSTM
can be shared among the pedestrians with neighboring humans. [270] tries to learn human
activity patterns thus predicting future trajectory. The problems of the LSTM are that

it cannot simultaneously model the spatial interactions of pedestrians and suffers from
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gradient vanishing. [13, 307] tries to model the spatial-temporal information.

2.4.2 CNN-based methods

In trajectory prediction, spatial information plays an important role, so CNN is another

good choice for modeling. [229, , , , 51, , , | adopt different CNN
architectures to solve the PTP. [229] proposed to use CNN to process image signals for
motion prediction and a Markov decision process to infer the pedestrian’s goal. [105] com-

bined CNN and Bayesian estimation to predict long-term motion and current environment
dynamics. [3064] used multi-agent tensor fusion and an encoder-decoder architecture to
predict multiple pedestrians’ trajectories. [327] tended to use crowded scene video data for
prediction. [51] tried to predict average occupancy maps of all pedestrians and the results
were better than other baselines. [184] applied a memory-augmented neural network which
dug out the connection between the past and future trajectories based on memory. [190]
used graph representations to improve prediction. [292] modeled the interactions between

the pedestrians and the background.

2.4.3 GAN-based methods

Adversarial learning is also a powerful way to handle the PTP task. In this way, the

distribution of the coordinates is learned and generated. [65, 906, , 7, | adopted
generative models to predict the trajectory. [65] used a generator to output a probability
map for each pixel, which is further processed for trajectory prediction. [90] thought all

pedestrians influence each other in a uniform way, including scene context. So they applied
a socially aware generative model to predict the trajectory. [129] modeled multimodal
behavior of pedestrians in a graph attention network and predicted path with a generative
model. [7] applied Info-Gan [31] for the task.
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2.4.4 Methods comparison

State-of-the-art methods for pedestrian trajectory prediction are shown in Table.2.3, where

the ADE and FDE denote average distance errors and final distance errors.

Methods Year Dataset Link ADE FDE
NSP-SEM [344] 2022 ETH-UCY SDD —  0.17 0.24
Y-Net [182] 2020 ETH-UCY SDD —  0.18 0.27
NPSN [12] 2022 ETH-UCY — - -
SGCN [253] 2021  ETH-UCY 019 035
PEC-Net [183] 2020 ETH-UCY SDD —  0.29 048
Social-gan [90] 2018 ETH-UCY — 0.343 0.686
Social-STGCNN [196] | 2020 ETH-UCY — 044  0.75

Table 2.3: State-of-the-art methods for the pedestrian trajectory prediction.

2.4.5 Datasets for the PTP

ETH [208] and UCY [112] are the most prevalent methods for the PTP. They are captured
with pedestrians walking along the footpath and annotated with location coordinates. The
UCY dataset also has annotations of gaze directions to capture view angles. There are
totally five scenes in two datasets including ETH, HOTEL, UNIV, ZARA1, ZARA2. There
are more than 1600 pedestrian trajectories, which are sampled every 0.4 s. The general
data split has a leave-one-out strategy for cross-validation. Another dataset is Standford
Drone [235], of which all images are captured by drones. The annotations include class
labels of objects and bounding boxes. The location is annotated as the coordinate every
0.4 s. There are more than 19K walking agents recorded and diverse interactions between

pedestrians, cyclists, skateboarders, and buses.
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2.5 3D Modeling

3D modeling has been an important part of the computer graphics area. This part will

review it in two aspects: 1, 3D neural rendering; and 2, generative 3D modeling.

2.5.1 3D neural rendering

3D neural rendering involves representing a natural scene, such as a set of unordered or
multi-view images, using classic computer graphics techniques. It separates the camera-
capturing process from scene representation by using established image formation models,
such as rasterization, point splatting, or volumetric integration. In this section, we will
first introduce the formulation and basic concepts, followed by a summary of the most

effective current methods.

Scene representation. The 3D scenes are always represented with surfaces or volu-
metric, where the surface representation always stores the properties of an object’s surface,
such as coordinates, and curvature, and the volumetric representation stores properties such
as densities, and opacities. The surface can be formulated in either an explicit or implicit

way. For explicit formulation, it is defined as

x
Seacplicit = Yy (x) S R2 s (218)
fexplicit(xa y)

where fezpiicit denotes an explicit surface function. The explicit surface can also be repre-

(Z) c R2} : (2.19)

The implicit surface representation is formulated with the zero-level set of surface function
fimplicit c R as

sented as a parametric function fperametric € R? as

:xplicit = { fparametric(u7 U)

x
Simplicit = Yy S Rg fimplicit(ma Y, Z) =0 ) (220)
z
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A volume representation is defined as

x
V=4 foalz,y,2) | |y | €R’}, (2.21)

z

In practice, the surface can be represented as point clouds, meshes, or implicit surfaces
such as signed-distance-function. The volumes can be represented as voxel grids or neural

volumetric representations.

Rendering techniques. A rendered image of a certain view of a scene can be cal-
culated given the camera pose, most methods use a pinhole camera. Generally used tech-
niques are “ray casting” and “rasterization”. The “ray casting” relies on the pinhole model
which describes how a 3D coordinate is projected into a 2D image plane given the known
camera parameters. The parameters are organized as intrinsic matrix K, including focal
lengths normalized by pixel size f = [a,, q,], axis skew 7, and center point ¢ = [c,, ¢,].
With the parameters, a homogeneous coordinate p = [z,y, z, 1] is projected into 2D plane
as q = K- p. To generalize to arbitrary camera poses, an extrinsic matrix R is used. A
corresponding homogeneous matrix is defined as

E = (2.22)

I{SXStle
O1x31 |’

where R and t denote rotation matrix and translation vector respectively. So we have
R p,+t = P, where P, and P. denote a point in world coordinates and camera

coordinates. The projection form 3D world coordinates to 2D image coordinates is defined

q = K- [ e ] *Pus (2.23)

as

01><31
where g, denotes a point in 2D image coordinates.

“Rasterization” is mostly used with meshes, which are described by a set of vertices
v and faces f. The surfaces are obtained by connecting vertices. In practice, the same
extrinsic matrix E is used to transform each point from the world to the camera coordinate

system. The points outside the view frustum will be culled for acceleration. The face

36



information can be used to get the depth maps. This method is faster than “ray casting”

since it only scales with the number of visible vertices.

2.5.2 Applications

Novel view synthesis of static scenes is the task of rendering a given scene from new
camera positions. Deepstereo [(8] proposed the first end-to-end training pipeline for novel
view synthesis. In this method, input images are presented with a plane sweep volume,
where each pixel is reprojected to a depth plane, and the neural network evaluates the
accuracy of the reprojection. However, the Deepstereo is slow in rendering because it
needs to estimate the depth for each input image. Stereo Magnification [370] improves
the inference speed by directly representing a plane sweep volume into a 3D voxel grid.
However, this method only renders novel views in a small view variance. MPI [263] further
improves it by adding more input images. DeepVoxels [2558] learn a renderer with a 3D
voxel grid of features. Similarly, Neural Volumes [I71] adopts a 3D CNN to learn a vol-
umetric representation of a scene. To overcome the storage limitations brought by these
methods, SRNs [259], DVR [203] apply a MLP to represent the scene. NeRF [193] made
a breakthrough in obtaining photo-realistic rendering for MLP-based represented scenes.
It can generate high-quality renderings with a few amount of parameters, which is more
efficient than voxel grid representation. However, this method suffers from the problem of
low rendering speed. To accelerate the rendering speed, Neural Sparse Voxel Fields [164]
applied an octree structure that allows aggressive empty space skipping. KiloNeRF [230]
designs a structure combining a dense 3D grid of MLPs, where each MLP is much smaller
than a standard NeRF model.

Generalization over scene classes. Since the NeRF-based model overfits a single
scene with an MLP model, it is hard to generalize to different classes. PixelNeRF [333]
leverages an image encoder to extract pixel-wise features with a volume rendering frame-
work. The novel views are rendered by aggregating these extracted semantic features.
GRF [281] improves the rendering quality by designing an additional attention module.
Stereo Radiance Fields [30] similarly extract semantic features but learn correspondence

matching across multiple images. LOLNeRF [225] learns to generalize with portrait im-

37



ages, which are conditioned on instance-specific latent vectors. GeoNeRF [116] constructs

a set of cascaded cost volumes and employs transformers to infer geometry appearance.

Novel view synthesis of non-static scenes strive to learn time-varying represen-
tations to render novel views for dynamic scenes. Since the original NeRF only learns
field representations for static 3D spatial points, [150, , 77] extend it by learning the
deformations of the pixels with warped rays. They also applied motion flow information
to improve the spatial and temporal consistency of the rendered dynamic scenes. More-
over, these methods also investigate representing the foreground and background contents
separately. D-NeRF [212] designs an unregularized ray-blending MLP to learn the defor-
mations of the ray. HyperNeRF [200] applies a canonical hyperspace to handle scenes with
topological changes. Non-rigid NeRF [280] learns a per-scene canonical volume to model

the time-varying appearance.

2.5.3 Generative 3D modeling

We introduce two types of generative methods for 3D modeling: (1) optimization-based

generation and (2) generative novel view synthesis.

Optimization-based generation refers to the generation involved in runtime opti-
mization. These methods integrate textual or visual prompts with 3D generation to achieve
better controllability. TANGO [33] employs CLIP [221] to supervise differentiable physical-
based rendering to align text prompts with the generated images. DreamFusion [211]
combines the implicit neural field representations with the score distillation sampling loss
to generate high-quality 3D content. Magic3D [156] employs a coarse-to-fine pipeline to
extract the underlying geometry as a 3D mesh. ProlifcDreamer [295] proposed that the
variational score distillation improves the text-to-3D generation. It designs a gradient-
based optimization pipeline inspired by the Wasserstein gradient flow. MVDream [254]
adopts a two-stage pipeline and fine-tunes a multi-view diffusion model, which overcomes
the multi-face and content-drift problems. Other works rely on visual prompts, i.e., images,
to improve generated content quality. NeuralLift360 [311] used an offline depth estimation
model to impose geometry regularization and further CLIP diffusion priors to enhance

appearance. RealFusion [188] and Nerdi [17] extract textual embeddings as conditions to
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optimize volumetric representations. Magic123 [215], inspired by Magic3D, integrates 3D
priors from a pre-trained Zero-1-to-3 [166] model in a two-stage optimization way. Sub-
sequently, Make-it-3D [277] further enhances the second stage to generate higher-quality
point-clouds data. With the popularity of 3D Gaussian Splatting [123], many works have
started investigating its generation capacity. Dream-gaussian [270] proposes a two-stage
generative framework for text- and image-driven 3D generation. We summarize part of the
methods of 3D generation in Table 2.4, evaluated by the quality of reconstructed surfaces

and synthesized novel views.

Methods Chamfer Distance | Volume IOUt CLIP Similarityt PSNRT LPIPS]
RealFusion [185] 0.0819 0.2741 0.735 20.216  0.197
Magic123 [215] 0.0516 0.4528 0.747 25.637  0.062
Make-it-3D [277] 0.0732 0.2937 0.839 20.010  0.119
one-2-3-45 [167] 0.0629 0.4086 0.788 23.159  0.096
Zero-1-t0-3 [160] 0.0339 0.5025 0.759 25.386  0.068

SyncDreamer [168] 0.0261 0.5421 0.837 25.896  0.059

Table 2.4: Methods and Evaluation of 3D generative methods. 1 denotes the higher the
better, while | denotes the lower the better.

Generative Novel View Synthesis involves generating novel views by implicit 3D-
aware model, instead of explicitly using 3D representations to enhance 3D consistency.
3DiM [297] pioneer introducing an image-to-image novel view synthesis method based on
2D difussion, which uses view camera poss as condition. Tsenget al. [284] further improves
the quality of synthesized novel views with epipolar attention layers. Chan et al. [21],
and Yoo et al. [331] apply pixel-aligned features extracted from 2D images as conditions
to improve 3D-awareness. In summary, the generative novel view synthesis is recognized
as an extension of traditional image synthesis methods, which don’t explicitly model 3D

structures. It needs more refinement for 3D generation.
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2.5.4 Datasets for Generative 3D methods

With the rapid development of digital content generation methods, various types of datasets

have emerged. In this section, we will introduce the datasets and their properties. The

datasets can be divided into three types: 1, 3D data; 2, multi-view data; and 3, single-view

data. The 3D database includes data collected from RGB-D sensors, Polygon models col-

lected from the internet, and published 3D models by certain institutions. The multi-view

database mainly includes multi-view images generated by manual 3D Modeling. Single-

view images generally contain specific domain data, such as the face, indoor scene, and

human body. We conclude the datasets as shown in Table 2.5

Dataset Type Year Samples Category
ShapeNet [23] 3D Data 2015 51K Objects
Thingil0K [365] 3D Data 2016 10K Objects
3D-Future [71] 3D Data 2020 10K Furniture
GSO [53] 3D Data 2022 1K Household items
Objaverse | 3D Data 2022 800K Objects
OmniObject3D [301] 3D Data 2023 6K Objects
Objaverse-XL [15] 3D Data 2023 10.2M Objects
ScanNet [/1] Multi-view Images 2017 2.5M images  Indoor scenes
CO3D [231] Multi-view Images 2021 1.5M images Objects
MVImgNet [ Multi-view Images 2023 6.5M images Objects
DeepFashion [170] | Single-view Images 2016 800K Clothes
FFHQ [119] Single-view Images 2018 70K Animal faces
AFHQ [39] Single-view Images 2019 15K Human faces
SHHQ [75] Single-view Images 2022 40K Human bodies

Table 2.5: Datasets for 3D data generation.
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2.6 Implicit Neural Representation

In this section, we progressively introduce the implicit neural representation starting with
the background, exploring its generalization to large-scale data, and the integration into
generative models. Additionally, we clarify the connections between these methods and

our proposed model.

2.6.1 Implicit Neural Representation

The commonly used data such as audio, image, video, or 3d mesh is represented in signal
space. These signals can also be formulated as a mapping from coordinate to signal:
f:C =Y, where C denotes coordinates, and Y denotes the signal. f is referred as a field
representation [300]. In [84, 85, 264] the f is defined with parameterized MLP fg which is
called INR. Parameterizing the signal into an MLP enables the unified representation of
various data modalities. For example, audio data can be represented as fo : R — R [267,

, 137, 176]. An RGB image can be formulated as fg : R? — R3 [257, 64, 240, 312, 32]
where the image’s resolution can be arbitrarily changed simply by down/up-sampling the
coordinates [200), ]. Besides, the compactness of the INR also achieves remarkable
compression performances [265, 506, 95, , 25, , |. Moreover, 3D data such as
point cloud, neural radiance fields, and neural distance fields can be represented as fy :
R3 — R3 [365, 237], fo : R® — R [193, 13, 11], and fp : R® — R [37, 205, 279]. Despite
the INR achieving good performance on different data modalities, it is hard to generalize
large-scale data, because the training of INR overfits each data instance with a separate

MLP. Many works strive to improve INR’s generalization, which we introduce next.

2.6.2 Generalized Implicit Neural Representation

Research on generalizing the INR to new content can be divided into two types. 1. Learn
general input features rather than fixed coordinates; 2. Modulate the parameterized net-
work with hyper-latent. The generalizability of the first type method counts on the general

input features. Daniele [94] et. al. embed the input coordinates from Euclidean space to
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graph-structured non-Euclidean space, which enables representing different data on the
same irregular domain with the same INR network. [238] learns the INR on the spherical
harmonics basis functions, achieving comparable performances as positional encoding [257].
pixel-nerf and similar works [333, , ] employ an encoder to learn the general features
of input signals. However, these methods require the accessibility of signal fractions. In
our proposed method, each signal can be generated from a noise sample, not requiring
any signal information. The second type of method modulates the weight parameters of
INR via latent vectors. Kim et. al. [121] construct an instance composer to generate a
latent vector for each data instance. Functa-like methods [57, 58, 97, , | adopt a
hyper-network structure and modulate the parameters with scale or shift. The training of
the modulations counts on meta-learning methods such as MAML [66] or CAVIA [371].
However, these methods don’t consider the hierarchical structure of latent vectors, which

prohibits the controllability of data generation.

2.6.3 Generative Implicit Neural Representation

The generative INR distinguishes from the generalized INR on that the former generate
new content from noise samples which always involves with generative models such as
GAN [92] and latent diffusion model [104, 260], the later only learns the general model
which requires fine-tuning to generate new content. The generative INR has two branches
of studies: 1. count the generation on the input features; 2. learn to generate new INR
parameters in a two-stage manner. For the first type, GIRAFFE [202], GRAF [218] learn
a generative model from noise to shape and appearance codes. Combining with sampled
coordinates, the codes are sent to a fixed INR to generate new content. Eric et. al. learn
a generative INR via the generative modeling of input features on a conditional diffusion
model. Dream-series methods [254, , , | learn an end-to-end generative INR
model from input coordinates to output signals. However, these methods restrictively
work on the fields representation which loses the universal representation property of INR.
For the second type methods, Dupont et. al. [59, 57] model the distribution of the latent
vectors which modulate the INR parameters. By sampling new latent vector, the new data

instance can be generated. MNIF [332] enhances the expressivity of INR based on [57] with
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a mixture of experts architecture. Hyper-diffusion [03] employs a transformer architecture
to construct the generative model to learn the distribution of latent vectors. However,
these methods doesn’t consider the conditional dependency in the INR parameters. The
disribution modelling is thus inaccurate and the generation process is hard to control. In
our method, we adopt the similar two-stage pipeline as [57] and propose a hierarchically
conditional diffusion model to model the conditional distribution innate in the latent vector,

thus achieving better generative performances.
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Chapter 3

Perceptual Relationships for 3D
Understanding: 2D-image based

monocular depth estimation

3.1 Introduction

In extracting 3D understanding from monocular 2D images, human perceptual understand-
ing provides valuable spatial priors for inferring 3D information. For instance, estimating
object depth is aided by understanding inter-object relationships, which inform relative po-
sitioning. Thus, the ability to extract perceptual cues, such as inter-object relationships,
is crucial for enhancing 3D understanding. This chapter focuses on extracting relationship

representations to improve the accuracy of MDE.

While understanding inter-object relationships, such as in front of and behind, pro-
vides valuable spatial priors, identifying which relationships are most beneficial for depth
estimation and quantifying their contributions to the process remains a challenge. In this
chapter, we term the task of answering these two questions as ‘Relationship Spatialization’
for Depth Estimation. Having a look at Fig. 3.1, it can be found that the woman is closer

to us than the screen because it is in front of the screen, which provides explicit spatial
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Woman in front of Monitor  Bag under Table Man wear Shirt

(b) (d)

Figure 3.1: Given a scene image (a), relationships contribute to depth estimation, as shown
left to right in (b-d). Compared with the explicit spatial information from in front of (a),
the implicit spatial information from under (b) also benefits the depth estimation. More
interestingly, wear (c), which is intuitively non-spatial, in reality, contributes significantly

to depth estimation.

prior. The table is farther than the bag, although the spatial prior of under is implicit,
the bag has with smaller depth in the imaging coordinate because it is closer to the image
center compared with the table. More interestingly, although wear seems with no spatial
priors intuitively, it certainly contributes to the depth estimation, since it constrains that
the depth of the shirt should be aligned with the depth of the man. Hence, it can be
seen that the inter-object relationships provide a huge amount of spatial priors for depth

estimation.

Towards solving the proposed Relationship Spatialization task, we propose a novel
framework that combines both visual understanding and relationship understanding for
depth estimation. Different from the simple combination of information, the relation-
ship representations are automatically and adaptively weighted, thus are learned to be
effectiveness-identified and contribution-quantified. Thus, the relationships are spatialized
for depth estimation. Specifically, given a scene image, we first feed it into an image rep-
resentation extractor module, which can be any deep learning MDE model, to obtain the
image representations. Meanwhile, the objects in the image are detected to construct the
corresponding scene graph, where nodes denote the objects and edges denote the inter-
object relationships. Then, the scene graph is processed by the relationship recognition

module to predict the inter-object relationships and extract their corresponding represen-
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(a) (b) (©) (d)

Figure 3.2: Depth error decreases during our relationship spatialization process in the red boxed
Table area (a-d). Only the visual understanding is utilized in (a); all Table-related in-image
relationships are added in (b); only the effective relationships are identified and then equally added
in (c); the identified relationships are contribution-accordingly weighted and then added(d).

tation. Secondly, the relationship representations from the scene graph space are modified
by spatially aligning into the visual space and redundancy elimination. Finally, the modi-
fied relationship representations are fed into an attention layer for representation weight-
ing, which is the respective contribution quantification. Then, the concatenation of the
weighted relationship representations and the image ones is fed into the depth predictor
for depth estimation. Through this process, the relationships are spatialized for enhancing

the depth estimation, as shown in Fig. 3.2.

Notably, recent advancements of depth estimation have also made significant progress
in areas related to my work, since the publication of my contributions in this chapter was
in 2022. Specifically, Duan et al. [55, 121] reformulate monocular depth estimation as a
denoising diffusion process, which achieves great performances on both indoor and outdoor
datasets. Xu [313] proposed to unify the different tasks including optical flow, stereo
matching, and depth estimation. The unified framework adopt transformer architecture
to learn discriminative features. Kong et al. [128] propose to learn depth estimation on

corrupted datasets, which achieve robust estimation against different light conditions.
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3.2 Method

In this section, we explain the proposed framework in detail. As depicted in Fig. 3.3, our
framework comprises three stages. In Stage 1, the image representations of the input image
are extracted from a deep learning-based MDE model. Meanwhile, a detection module is
utilized on the input image to detect the objects in the scene, which constructs the scene
graph. Afterward, the relationship representations are extracted from the scene graph
by implementing a relationship recognition module. It is noted that here we adopt the
same relationship categories as in Graph-renn [318]. In Stage 2, we first spatially align the
relationship representations from the graph space with the image representations from the
visual space. Then, the aligned relationship representations are modified by eliminating
their redundancies compared with the image representations. In Stage 3, the concatenation
of the modified relationship representation and the image representation is fed into the
depth predictor the depth estimation, during which the attention is implemented on the
modified relationship representations. The attention scores are automatically learned and
used for identifying the effective relationships and quantifying their respective contributions
on MDE.

3.2.1 Stage 1: Representation Extraction

Image Representation Extraction. The image representation extractor is implemented
to obtain understanding from appearance cues, such as edges and shapes while eliminat-
ing the interference from surface textures. As shown in Fig.3.4, a U-Net encode-decoder
network is adopted as our image representation extractor, where different resolution repre-
sentations are combined by BiFPN[273] to preserve both the high-level understanding and

visual details. Then, the image representation is:

R[ = fimage(I)7 (31)

where I denotes the input image and fjq4e denotes the image representation extractor.

Relationship Representation Extraction. We first adopt an offline detector model

[232] to detect the objects in the scene image so as to derive object-level understanding
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Figure 3.3: The framework of the proposed model. An input image is firstly sent to an image
feature extractor to generate image representations. The input image is also fed to relation-
ship recognition module to generate relationship representations. then, the relationship ones are
aligned to the image ones and being eliminated with redundancy. Finally, the effective relation-

ship representations are quantified and concatenated with image features to estimate depth.

and their spatial position:

zi, M; = Detector(I),i=1,.., N, (3.2)
where N denotes the number of the detected objects and z; denotes the object-level un-
derstanding of the i-th detected object. M; denotes the object mask, 1 for the object area.
Then, the graph-rcnn [318] is adopted as the relationship recognition module. Specifically,
the object-level understanding (z1, 2o, -+, 2zn) of the N detected objects are treated as
nodes features of the scene graph GG. The N x N edges in the G correspond to N x N

< subject, object > relationships. Then, the node features are aggregated as:

ZZ(H_I) =0 Zl(l) + Z GijWZ§l) s (33)
1€EN (1)
aij = softmada(Wa[zi(l), zj(-l)])), (3.4)
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Figure 3.4: Image representation extractor

where zi(l) denotes the i-th node at [-th iteration, o denotes activation function, N ()
denotes neighboring nodes of the i-th node, W and W, are learnable parameters, and a;;
denotes attention between the i-th and j-th nodes. Afterward, the relationship represen-
tations are computed as:
ij _ - o
R = embedding([z;".2;"])- (3.5)

Here the embedding is a fully-connected layer. Due to the deep learning-based depth
estimation methods are only able to deal with fixed-sized input, we extract the fixed number
of N, relationship representations from the relationship recognition module. Specifically,
we feed the relationship representations R%’ into a relationship predictor and preserve the

ones with top-/N, prediction scores.

3.2.2 Stage 2: Representation Modification

After obtaining the image representations R; and relationship representations R, where

T

n € [1, N,], we modify the relationship ones according to the image ones by first spatial

alignment and followed by the redundancy elimination.

Spatial Alignment. Since the image representations, R; are in the visual space and
the relationship representations R;' are in the graph space, spatial alignment is implemented
to translate the relationship ones into the visual space for depth estimation. Specifically,
given the relationship representation R? € R¢, where d denotes the representation dimen-

sion of R}, and its corresponding object masks M; and M;, we first project the relationship
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representation upon a zero-initialized feature set:
F*(w,y,:) = RYM;i(z,y)||M(z,y), v = [1,..., Lol y = [L, ..., In], (3.6)
where F" € RIwxInxd T “and I, denote the width and height of the input image I,
and || denotes the logic operation or. Then, a single output channel convolutional layer is
implemented on the feature set F' to obtain the visually aligned relationship representation:
VAR" =Conv(F"),n=1,...,N,, (3.7)
where VA_R" € RI»*» denotes the visually aligned single channel feature map of each

relationship representation.

Redundancy Elimination. After obtaining the visually aligned feature maps of
relationship representations, we eliminate their redundancy information according to the
image representations, since the overlap information between them may lead to overlook
the distinguished spatial information contained in the relationships. In detail, the overlaps

between the relationship representation and the image representation are eliminated by:

Mg =GMg RS, c=1,..., Ny, (3.8)
< Mc—l Rc—l >

et R (3.9)
<Ry LR >
My =VAR, (3.10)

GO Ry = My

where Mp denotes the modified relationship representation, N; denotes the number of
feature maps in the image representation R; and < -,- > denotes inner product. At the

end of this stage, we obtain the modified relationship representation Mg.

3.2.3 Stage 3: Depth Estimation and Contribution Quantifica-
tion

Once the the modified relationship representations Mg are obtained, we feed them into

an attention layer for learning to identify their effectiveness and quantify their respective

contributions:
o = Attn(Mz),n =1,..., N,, (3.11)
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Figure 3.5: Representation modification is composed of spatial alignment and redundancy elim-
ination. Firstly, relationship representations are spatially aligned towards image representations
with bounding boxes. Secondly, the aligned relationship are orthogonalized against image repre-

sentations to eliminate information redundancy.

where the attention scores o™ are used as the effectiveness identification and contribution
quantification of the relationships. Then, we concatenate the image representations and the

weighted relationship representations, feed it in the depth estimator for depth estimation:

y = Predictor(Concat(Ry,a"Mp)),n =1,...,N,. (3.12)

Then we impose the scale invariant loss [16], who focus on minimizing the ratio of the

depth error, rather than the absolutely scaled depth:
N

- 1 -

Laepen = var ([log(y) — log(#)]) + Al > _llog(y) — log(#)])*, (3.13)
i=1

where var() denotes variance computation, ¢ denotes the ground-truth depth and A denotes

the balancing weight.

3.3 Experiments

In this section, we provide our experimental setups and show the results. Specifically,
for the experiments, we first evaluate the performance of our framework on three MDE
datasets. Then analysis the effectiveness of relationship spatialization, effective spatialized
relationship identification and the respective contribution quantification are explained in

detail. Finally, ablation study is conducted for measuring the necessary of the redundancy
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elimination operation.

Our goal is, again, spatializing the inter-object relationships, then identifying the effec-
tive ones and quantifying their respective contributions on MDE. Since we are not aware
of any existing work that performs same task, we aim to show the promise of the proposed
framework, rather than trying to beat any state-of-the-art monocular depth estimation
and relationship recognition models. More complicated networks, as long as they are end-
to-end trainable, can be adopted to our framework to achieve potentially better results.

More results are shown in supplementary materials.

3.3.1 Datasets and Implementation details

We adopt three datasets for depth estimation, KITTI [82], NYU Depth v2 [256], and ICL-
NUIM [101] to validate the proposed framework. Since there is no dataset that provides
both the ground-truth annotated depth and inter-object relationship, we evaluate our
framework by the MDE performance. As for the relationship recognition, we pretrain a
model on Visual Genome dataset[132], and adopt it directly in our framework. User studies
are designed for evaluating the performance of the adopted relationship recognition module

on the three depth estimation datasets.

KITTI[82]. It is a dataset of outdoor scene images with the corresponding 3D laser
scans captured by moving vehicles. All the scene categories are used as our training/test
sets. Following the split manner in [62], we use 26k images for training and 697 images for
the test, with the image resolution of 1241 x 376. For a fair comparison, all compared MDE

methods are retrained and evaluated on the adopted training/test sets in our experiments.

NYU Depth v2 [256]. Tt is a dataset of indoor scene images with the corresponding
depth maps captured by Microsoft Kinect. Following the previous work, we use 50k images
from 249 scenes for training and the 654-images set for the test, with the image resolution
of 640 x 480. Different from the existing MDE methods like [10] that training only on
cropped parts of the image, which may lead to the loss of relationship information, we

perform the training on the entire image.

ICL-NUIM [101]. It is a smaller size dataset of an indoor scene, which comprises of
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1500 images with their corresponding depth maps. Due to its limited amount of images,
we adopt this dataset for verifying the generalizability of the model trained on NYU Depth
v2.

Implementation. In the experiment, our framework is implemented with Pytorch
[207] and with 4 NVIDIA P100 Pascal GPUs. We optimize with Adam [120], setting the
learning rate [ = 5e — 4, #; = 0.9, and [y = 0.99. Our framework is trained with batch
size 16 for 25 epochs.

3.3.2 Performance Evaluation

In this part, we evaluate the performance of our proposed relationship spatialization frame-
work on MDE. In order to show the effect of the learned relationship spatialization, we
conduct the evaluations with our baseline framework and frameworks that implement the
commonly used MDE networks as the image representation extractor. In the experiment,
the state-of-the-art MDE methods, Adabins [16], Midas [225] and Bts [139], are adopted.
We use Baseline, Adabins, Midas, and Bts to denote the MDE-only frameworks; and use
Baseline+, Adabins+, Midas+ and Bts+ to denote the frameworks with relationship spa-
tialization. For a fair comparison, all frameworks in the experiment are trained from the

scratch.

KITTI. It can be seen from Table 3.1 that, for all chosen frameworks on KITTI
dataset, relationship spatialization brings performance gain on almost every MDE evalua-
tion metric, which shows that our proposed framework is able to learn to find the effective
relationship spatialization for the outdoor scenes. Moreover, it is worth noting that the
framework Bts+ performs obviously poor than Bts on the silog metric. Since the silog
reflects the variation of scale error (calculated by dividing predicted depth with ground
truth depth), the rmse_log reflects the mean value of the scale error, the BTS+ model
focuses more on reducing mean error in relationship related areas and neglects areas with-
out relationship enhancement, thus bringing in variation increment. So the BTS+ gets the

greatest progress in rmse_log and does not outperform in silog.

NYU Depth v2. The results on NYU Depth v2 dataset are shown in Table 3.2, where

the frameworks with the relationship spatialization outperform the original ones on almost
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all of the evaluation metrics. It shows that our proposed framework is able to learn to find
the effective relationship spatialization of the indoor scenes. It is worth noting that, again,

the Bts outperforms the Bts+ in the silog metric due to the same reason on KITTI.
ICL_NUIM. Due to its limited amount of training data, [CL_NUIM dataset is utilized

for measuring the generalizability of our proposed framework. Specifically, we pre-train all
frameworks on NYU Depth v2 dataset and evaluate them on ICL_NUIM dataset. As can
be seen from Table 3.3, the frameworks with relationship spatialization outperform the
original ones on all evaluation metrics, which shows the promising generalizability of our

framework.

3.3.3 Effect of Relationship Representation

In this part, we evaluate the effect of relationship representations on MDE by performance
comparison, correlation evaluation, related area evaluation, and framework derivation vi-

sualization.

Performance Comparison. To illustrate the effect of relationship representation
for depth estimation, here we compare the performance of framework with only image
representation and framework with both the image and relationship one. Note that, the
attention layer in the predictor of our proposed framework is not implemented in this part,
which means that all the relationship representations are equally treated. As shown in
Table 3.4, the framework with relationship representations outperforms the original one,
which shows the relationship representations benefit the depth estimation.

Correlation Evaluation. In this experiment, we evaluate the correlation between
the MDE performance and the relationship recognition accuracy. Specifically, we adopt
relationship recognition modules with different pre-trained accuracy into our framework
and then observe the difference in the MDE performance. As can be seen from Table 3.5, we
MDE performance increase with the pre-trained relationship recognition accuracy, which
shows that correctly predicted relationships benefit the depth estimation.

Moreover, since there are no ground-truth annotated relationships in the MDE datasets,

a subjective user study is designed for evaluating the accuracy of the pre-trained relation-
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Figure 3.6: Distribution of depth errors on relationship-related areas and non-related areas
for NYUv2 dataset. The yellow boxes denote the abs_rel on the relationship-related areas,
the blue boxes denote the abs_rel on the non-related areas, the in-box red line denotes

median value, and the star symbol denotes the mean value.

ship recognition module on the MDE datasets. Specifically, we involve 20 users and send
each user 200 randomly selected relationships, which are used in our framework. Then, we
ask the user whether each relationship is correctly recognized, according to which calculate
the user-oriented relationship recognition accuracy. The user-oriented accuracy is close to
the ground-truth one while covering only part of the used relationships. The user-oriented
accuracy is shown in the second column in Table 3.5, it increases with the pre-trained

accuracy.

Related Area Evaluation. Since the representations of the spatialized relationship
are spatially aligned into the visual space, the majority of its spatial priors should have
effects on the relationship-related areas. Although the performance on the entire image
shows improvement, it is hard to fully reveal the effect of relationship spatialization for
MDE. In this experiment, we compare the MDE performance on relationship-related areas
and the non-related ones, the abs_rel metric is chosen for clear visualization. As can

be seen from the box plots in Figure. 3.6, the introduction of the relationship, firstly,
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Figure 3.7: Distribution of depth errors on relationship-related areas and non-related areas
for KiTTI dataset.

improves both the MDE performance on the relationship-related areas and non-related
areas. More importantly, the overall depth error reduction on the relationship-related
areas highly outperforms that on the non-related areas, which shows the large benefits

from relationship spatialization on MDE.

Framework Derivation Visualization. In this experiment, we calculate and show
the framework derivation map in Figure. 3.8. It can be seen that, after introducing the
relationship representations, the derivation values are larger on the relationship areas than
that on other areas, which means the relationship areas contribute more to depth esti-
mation, thus more important. It is worth noting that, excluding the relationship areas,
the sudden texture changing areas are with the highest derivation scores, which shows the
fact that image representation-based methods abstract the spatial information from edge
areas. Then, the introduction of our relationship spatialization helps to extract the spatial
information from object surface areas, complement with the image representation-based
MDE methods, thus improving the MDE performance.

29



Figure 3.8: Framework derivation visualization. The first column of each group shows
the input scene image, the second column shows the framework derivation map, the third
column shows the relationship representation map, the fourth column shows the depth

error map, and the bounding box denotes the relationship area.

3.3.4 Effective Spatialized-Relationship Identification

In this part, we evaluate the identified effective relationships from our framework by per-

formance comparison and user study.

Performance Evaluation. In order to evaluate whether the identified effective rela-
tionships are meaningful for MDE, here we compare the performance of the framework with
all relationship representations and the one with only the identified effective relationship
representations. Specifically, a binary feature channel mask is learned from the relation-
ship representations and used for effective relationship representations identification. Then,
all identified effective relationship representations are equally treated to concatenate with
the image ones for depth estimation. As shown in Table 3.6, the framework with only
effective relationship representations outperforms the one with all relationship representa-
tions, which shows that the effective relationships for MDE are preserved and the noisy

information from the non-effective relationships is eliminated.

User Study. Due to the lack of ground-truth annotations of the effective relation-

ships in MDE, a user study is designed and performed to evaluate the identified effective
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relationships from our framework. Specifically, we involve 107 users and send each user
100 randomly selected relationship sets shown in Fig.3.9. Each relationship set includes
the input image and 4 images that each randomly gets rid of one of our identified effective
relationships, where one of the two related objects is erased with an inpainting model [337].
Then, we ask the user if the erased relationship affects the measurement of the depth of
the remaining object, then evaluate if we correctly identify the effective relationships. Our
identified effective relationships finally achieve 89.33% accuracy, which is highly aligned

with human recognition.

User study for respective contributions quantification Due to the lack of ground-
truth annotations of the respective contributions, a user study is designed and performed
to evaluate the quantified respective contributions from our framework. Specifically, we
involve 107 users and involve each user in 100 multi-round tests. As shown in Figure. 3.10,
for the first round of each multi-round test we first locate a target object in the scene, table
in this case, and then erase one of its identified effective relationships Figure. 3.10(b-d),
finally, we show the original scene image and its erased ones to the user. At the end of this
round, the user is asked to choose the most important relationship for estimating the target
object. Then in the next round, the erased image from the previous round that erases the
relationship with the highest respective contribution is used as the ground-truth image.
Afterward, we further erase one of the remaining effective relationships, Figure. 3.10(e-g),
and ask the user to choose the highest contributed relationship in this situation. Finally,
we evaluate the accuracy of our respective contributions according to the rank of the users.
As can be seen from Table 3.9, for target objects, our top-5 accuracy is around 91.25%,
which shows that our learned respective contribution is highly aligned with the human

recognition.

Top 1 Acc | Top 2 Acc | Top 3 Acc | Top 4 Acc | Top 5 Acc
86.78 87.23 89.20 90.44 91.25

cMetrics(%)

Table 3.9: Quantification of relationship effectiveness.
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Ground truth Paint under Window Table has Leg Printer above Basket Monitor behmd Man
& & @ @ I @ l

Figure 3.9: In each image, one target object of the identified effective relationships is erased.

Then, users’ judgments on whether the erased object is effective in depth estimation are recorded.

Ground truth Chair near Table Vase on Table DBoer behind Table Ground truth Vase on Table GChair near Table

@ (b) (© (d) (© ® (9)

Figure 3.10: Quantification of relationships effectiveness. (a): ground truth image; (b)-(d):
In the first round, erase each object and select the most important relationship; (e)-(g):
In the second round, use image with the selected object erased as ground truth and select

the next most important object.

3.3.5 Respective Contributions Quantification

In this part, we evaluate the quantified respective relationship contributions from our

framework by performance comparison, correlation evaluation, and user study.

Performance Evaluation. To evaluate whether the quantified respective contribu-
tions from our framework are accurate, here we compare the performance of the framework
that equally treats all relationship representations and the one that weights relationship
representations according to their quantified respective contributions, which is our proposed
framework. As shown in Table 3.7, the framework with quantified respective contributions
outperforms the one with equal contributions, which shows that our respective contribution

quantification spatialized the relationship adaptively.

Correlation Evaluation. In this experiment, we evaluate the correlation between

the depth error and our quantified respective contribution to the relationship-related ar-
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Figure 3.11: Correlation between the depth error and its quantified respective contribution on

relationship areas.

eas. As can be seen from Fig. 3.11, the relationship area depth error decreases when its
quantified respective contribution increases, which shows that our respective contribution

quantification accurately ranks and spatialized the relationship for depth estimation.

3.3.6 Ablation Study

In this experiment, we verify the effectiveness of our redundancy elimination operation
by comparing the framework with and without it. As can be seen from Table 5.6, the
redundancy elimination operation leads to a marginal performance improvement on both
the KITTI and NYU Depth v2 datasets, which is because it reduces the affection of redun-
dancy information on the respective contribution quantification, thus increasing the focus

on distinguished information from relationship spatialization.

3.3.7 Visualized results

In this section, we present the visualized results of the enhanced baseline model and

state-of-the-art models against original baseline model and state-of-the-art models. The

64



test datasets include KITTI [32], NYU Depth v2 [256], ICL.NUIM [101] and visual-

genome|132].

(c) Bts (d) Baseline

Figure 3.12: Visual examples on KITTI [82] test data. The first row: input images;
The second row: relationships-enhanced depth maps; The third row: depth maps without

relationships information; The last row: ground-truth depth maps.
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(b) Midas

(c) Bts (d) Baseline

Figure 3.13: Visual examples on NYU Depth v2 [256] test data. The first row: input
images; The second row: relationships-enhanced depth maps; The third row: depth maps

without relationships information; The last row: ground-truth depth maps.
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(c) Bts (d) Baseline

Figure 3.14: Visual examples on ICL_NUIM [101] test data. The first row: input images;
The second row: relationships-enhanced depth maps; The third row: depth maps without

relationships information; The last row: ground-truth depth maps.
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Figure 3.15: Visual examples on visual genome [132].
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Chapter 4

Perceptual Relationship
Transformation for 3D
Understanding: 2D-images based

novel view synthesis

4.1 Introduction

NVS aims to render new perspectives of a 3D model, a core task in computer graphics.
Knowing that extracting inter-object relationships from 2D images enhances 3D under-
standing, we can leverage this approach to improve NVS. However, since the inter-object
relationships we studied are based on monocular views, applying them to NVS requires
relationship representations that hold across novel viewpoints. Predicting relationships
for these novel views presents challenges, as relationship representations often lack ro-
bustness across varying perspectives. Looking at the visual relationship (car-1, behind,
car-2) in Fig. 4.1(a) and asking to predict its corresponding ones in the novel views
shown in Fig. 4.1(b-d), it can be found that the transformation of visual relationships is
view-dependent and non-deterministic. The transformed relationships might be preserved,

altered, or even become invisible in novel views. Therefore, given a single observed view
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(a) (b) (c) (d)

Figure 4.1: Visual Relationship Transformation. Given an observed view image
(a), we aim to predict the relationships between objects (e.g., the one between
car-1 and car-2) in novel views (b-d) without requiring their corresponding view
images. Compared with the relationship observed in (a), the corresponding ones
in novel views (b-d) are typically view-dependent and non-deterministic, which
might be preserved, altered, or even become invisible. The faded images and

relationships denote unseen and invisible, respectively.

image and the cross-view transformations, can we learn to adaptively predict the trans-
formed relationships and their presentness in novel views? We term this task, which has
never been explored in prior works, as wvisual relationship transformation or VRT. The
VRT plays a vital role in scenarios where a 3D understanding of novel views of a scene
is demanded, particularly when the acquisition costs are expensive. For instance, when
a robot is tasked with locating a referred object, it is necessary to understand the rela-
tionships between objects in the scene from various perspectives. Nonetheless, observing
from every conceivable angle is expensive or impractical. So predicting the relationships

in unseen views given observed views is a tractable and economical solution.

Comparing with numerous efforts in visual relationship detection (VRD) [132, 28, ,

, , , , , , , , , ], VRT stands out by explicitly predicting
the corresponding relationships in unseen views. In contrast, a vanilla solution, which
first performs NVS and then conducts VRD, not only requires huge computations but
also fails to maintain the correspondence between relationships from the source and target
views. Furthermore, VRT comes with a large amount of 3D cues that help novel-view-
related tasks. For example, the visual grounding task [3] shown in Fig. 4.2(a), which asks
to identify the ‘pillow on the far right’ from the unseen view of ‘the front of the

bed’, requires VRT for predicting the transformed relationships in the novel view, thus
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can perform accurate alignment between the textual and visual semantics. Moreover, the
novel-view-synthesis task [333], shown in Fig. 4.2(b), requires VRT to accurately predict
the relationship transformation to the novel view, thus ensuring the correct relationship
between the potted plant and the bottle in the synthesized image. Furthermore, the
pedestrian intention estimation task [227], shown in Fig. 4.2(c), requires VRT to predict
the relationships in the pedestrian view from the given camera view image, thus being able

to estimate the pedestrian intention accurately.

While VRT can provide an informative understanding of novel views, learning to solve
it remains a challenge. Firstly, labeling relationships in multi-view datasets is expensive,
making large-scale training data unavailable. Secondly, in the novel view, the prediction of
relationships and their corresponding presentness should be learned separately. As depicted
in Fig. 4.1(d), the relationship should be predicted as left even though it is invisible
in the novel view, where invisibility differs from unrelatedness. Thirdly, the predicted
scene graph, constructed by the predicted relationships, should be structurally consistent
with the ground-truth scene graph in the novel view, thus allowing the learning of global

structure information.

Towards accomplishing VRT, we devise a novel approach to perform relationship trans-
formation and tackle the aforementioned challenges during training. Specifically, given a
single observed view image, we first detect the objects with an off-the-shelf detection algo-
rithm. Each detected object is modeled as a node in the scene graph. This scene graph,
along with the cross-view transformation, is then fed into the VRT module for predicting
the transformed relationships, e.g. the edges in the scene graph, and their corresponding
presentness. Throughout this process, the transformation equivariance of the relationship
representations is enforced. To ensure the proper learning of relationship transformation,
in the training stage, we first extract the ground-truth relationship features, presentness,
and the scene graph from the novel view using a pre-trained visual relationship detection
model [318]. Then, a relationship transformation loss is introduced to supervise each rela-
tionship prediction by adopting the ground-truth features as supervision, thus mitigating
the lack of training data. Meanwhile, a presentness loss is implemented to learn the visibil-
ity of relationships in the novel view. Finally, a relationship structure loss is introduced to

ensure the global structural information in the novel view can be learned. With these com-
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Query: Facing the front of the
bed, the pillow on the far right

P L I .\ A ’ P
Source view Result from Referlt3D [3] Our result
Bottle (a) Visual Grounding

Result from PixelNeRF [114] Our result Ground-truth
(b) Novel View Synthesis

Source view Result from PIE [77] Ground-truth

(c) Pedestrian Intention Estimation
Figure 4.2: Mlustration of VRT implementations on Visual Grounding, Novel-View Syn-
thesis, and Pedestrian Intention Estimation tasks. For each task, the first image denotes
the given input, the second one denotes the result from the SOTA method, the third one
denotes the result by adopting our VRT as a plug-in module, and the fourth one denotes
the ground-truth.

ponents, the trained approach is capable of performing visual relationship transformation

in a structurally consistent manner.

Our contribution includes both a new VRT task and a novel approach designated to
address the proposed task. To the best of our knowledge, this represents the first at-
tempt in this direction. To evaluate the recognition accuracy of our VRT, we conducted
extensive objective and subjective experiments and our VRT obtained encouraging re-
sults. Moreover, by adopting our VRT as a plug-in module, state-of-the-art methods
in visual grounding [3], novel-view synthesis [298], few-shot NERF [333], and pedestrian
intention estimation [227] have achieved considerable qualitative and quantitative perfor-
mance improvement on Nr3D [3], Realestatel0K [370], DTU [113], and PIE [227] datasets,
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Stage 1

Original view

VRT Module

Tt 7 -
Transformation-aware GNN

Depth Estimation
Correspondence Search

@

Target view

Figure 4.3: The illustration of the proposed approach. The Ty; denotes the transformation matrix
from the observed source view to the target view. (X) denotes the re-indexing and alignment
operation. Note that, the relationship values and presentness are predicted by the VRT module,

and the structure information is constructed by the predicted relationship and presentness.

respectively.

4.2 Method

In this section, we present the main VRT learning scheme. As illustrated in Fig. 6.2, our
approach consists of three stages. In Stage 1, we initiate the process by detecting objects
in the source view to construct a scene graph. This graph, coupled with the cross-view
transformation, is then input into the VRT module for predicting transformed relation-
ships and determining their presentness in the target view. In Stage 2, we search for
matches between the predicted relationships, presentness, and the scene graph constructed
accordingly, and their corresponding ground truth extracted from the target view. Finally,
Stage 3 introduces specific loss components: the relationship transformation loss for single
relationship prediction, the presentness loss for predicting relationship visibility, and the

relationship structure loss to preserve essential structural information.
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4.2.1 Stage 1: VRT

In real-world scenarios, the observation of a scene from different views involves cross-view
transformations, encompassing both rotation and translation, thus the observed relation-
ships among objects in the scene should adhere to the spatial transformation. For example,
in Fig. 4.1(b) and (c), the relationship between two cars changes from behind to left
when observed from the side to the front. These two relationships are linked through the
view transformation and conditioned on the scene. Therefore, we aim to predict the inter-
object relationships in the target view while also keeping track of the changes in these
relationships from the source to the target view. Motivated by the concept of equivariant
neural networks, which preserves relationship correspondences over view transformations,
an equivariant graph neural network is designed for learning transformation-equivariance

representations of the relationships between objects.

Scene Graph Construction. Given an image from the original or source view,
we initially employ an off-the-shelf object detector [232] to detect N objects and extract
various pieces of information. This includes visual embeddings X = {z1,...,zx}, posi-
tional information in the form of bounding boxes B = {by,...,by}, semantic embeddings
W = {w,...,wy} (i.e., word vector representing categories), and union region represen-
tations U = {uy 1,...,unn}. Subsequently, we construct a scene graph G = (V, ) in the
following manner. The node feature v; € V and the edge (or relationship) feature e; ; € £
are defined as

v; = ¢y (i © PE(b;) © wy), (4.1)

€ij = Pe(Ui; S v; & vj),
where @ denotes the concatenation operation, PE(-) indicates the positional encoding op-
eration [31]. ¢, and ¢. denote the equivariant layers [18], which firstly lifts the the size
of the input from N x 1 to N x 3, and then perform representation learning with the

equivariance-constraint:
&(7(x)) = Ty(d()), (4.2)
where 7, : X — X is a set of transformations for the abstract group g.

Equivariant Message Passing. After the scene graph is constructed, we design an

Equivariant Message Passing (EMP) module to model the correlations among nodes and
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relationships while maintaining the equivariance property. Starting with the initial node
and relationship features v and e?,j from the previously constructed scene graph, the node

message passing at step [ + 1 is formulated as follows:

vt = v o (MY + M), (4.3)
M= aydi(el). MY =3 ajin(ely) (4.4)
JEM: JEN;

~_ exp(o(gafvi B vs]))
v Zkem exp (o (¢a[vi ® vi)))’

where o refers to Vector-Neuron ReLU [18] and ¢, ¢o represent different Vector-Neuron
Multi-layer Perceptron (VN-MLP) [18]. The term M, denotes the weighted averaged

messages from the relationships between the i-th object and its neighbor objects 7;, while

the M.; denotes message from neighbors to the i-th object. Additionally, the formulation

for relationship message passing is as follows:

et = e+ o (M4 ), 49)
M =3 Bur(6s([on © da(bi = b)),
ken;

_ exp(o(¢s[v; ® v © Ga(b; — bi)]))
> ien; €XP(0(s[v; © v © @a(bi — b))’

where the M and M; denote the aggregated message from the i-th and j-th objects to

Bik

the relationship e; ;. (;; measures the contribution of message M, to the relationship e; ;.
¢3 and ¢5 denote VN-MLPs, and ¢4 denots a VN-MLP with lifting operation [18]. The
process of equivariant relationship message passing integrates relative position information
into the relationship embedding while preserving equivariance, as the relative position is

inherently equivariant to transformations such as rotation and translation.

Relationship Transformation. After the equivariant message passing, we predict
the inter-object relationships in the target view. Let & = {e;;} denote the relationship
representations from the source view Vj, for any target view V;, we then predict its rela-

tionship representations & = {é; ;} as follows:
& =0(Tu- &), (4.6)
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where ¢ represents an MLP layer, and T; indicates the transformation matrix from the
source view V; to the target view V;. In addition to the predicted relationship representa-

tions ét, we also predict their presentness as follows:

pij = sigmoid (MLP (['Uﬁ, vé-, eéj])) , (4.7)
where [ refers to the last message passing step, p; ; indicates the probability of the rela-
tionship between node v; and v; being present in the target view. During inference, the
presentness is determined as 1 {p; ; > v}, where v is a threshold. In other words, it signifies

that the relationship between the i-th and the j-th object is visible in the target view.

4.2.2 Stage 2: Correspondence Search

As described above, the VRT predicts the relationships and their corresponding presentness
in the target view V; based on the source view V; and the inter-view transformation matrix
T, between the source and target views. To facilitate the training of VRT, it is necessary
to align the predicted scene graph G, with the ground truth scene graph G, in the target
view V;. To accomplish this alignment, we initially transform all object bounding boxes
from the source view V; to the target view V; using the transformation matrix T,;. For
each pixel (z,y) within a bounding box, we determine the transformed pixel coordinates
(z,9) as follows:

[#,9,1]" = K - Ty - D(x,y) - K '[z,9,1]", (4.8)
where D(z,y) denotes the depth at pixel (x,y), obtained using a pre-trained depth estima-
tion algorithm [236], and K represents the camera intrinsic matrix (i.e., both the source and
target views use the same camera). With this setup, we can evaluate the overlap between
each transformed bounding box and all bounding boxes in the target view. Specifically, if
the transformed bounding box b; has the maximum overlap with a target bounding box b;
among all bounding boxes in the target view, and b; and b; share the same object category
label, we then identify a pair of nodes matched between the transformed scene graph and
the target scene graph. For nodes and edges transformed from the source view that are
invisible in the target view (i.e., fail to match with any others), we assign their ground

truth presentness labels as 0, otherwise as 1.
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4.2.3 Stage 3: Optimization

Through the identification of correspondences between the scene graph transformed from
the source view and the ground truth scene graph in the target view, we train the proposed
VRT model by aligning specific components of the two scene graphs using three different

loss functions, as outlined below.

For every pair of the predicted (or transformed) relationship é; ; and its corresponding

ground truth relationship e; ;, we define the relationship transformation loss as:
1 N * |12
Ly = N, Z €55 — €512, (4.9)
1,J

where N,, denotes the number of matched relationship pairs, e} ; comes from the pre-trained
Graph-RCNN [318] by taking the target view as input. For the prediction of relationship

presentness p; j, we define the relationship presentness loss as:
1 R
L=+ > i = pigll3, (4.10)
p i,j

where N, represents the total number of edges (or relationships) in the scene graph con-
structed from the source view, and p; ; indicates the ground truth presentness label derived
from the target view. In addition to relationship prediction, it is crucial to appropriately
preserve the topology structure constructed by them. Inspired by [323], we characterize the
topology structure of each edge e; ; through a set of its neighboring edges A/ (e; ;) that share
one of the same nodes. Specifically, the information about the neighbor structure of edge
e; ; is defined as a normalized distribution vector NS, ; € Rl For each emn € N (e ),

its corresponding element in NS; ; can be evaluated as:

exp {llei; — emnll3}
D e ren(ens) P {lleq; — engl[3}

NS; ; = (4.11)

With the above definition of the neighbor structure, we then define the relationship

structure loss as follows:

1 N
2y
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where Dy, denotes the Kullback-Leibler divergence, and NASZ-J and NS, ; represent the pre-
dicted and ground truth neighbor structure information, respectively. Finally, the overall
loss function for training the proposed VRT is defined as:

/:» = )\1[»15 + >\2Lp + )\3/:»5, (413)

where A\i, Ay, and A3 denote the weights used to balance different components.

4.3 Experiments

In this section, we present our experimental setups and results. Since no existing work
performs exactly the same task as we do here, we mainly focus on showcasing the effective-
ness of the proposed approach in two main aspects. Firstly, we compare the relationship
prediction performance of our VRT approach with scene graph generation methods rely-
ing on visible target views. Additionally, through the adoption of VRT, we demonstrate
its enhancements in various related tasks, such as novel view synthesis (leveraging Synsin
[298] and PixelNeRF [331]), pedestrian intention prediction (based on [227]), and visual
grounding (based on ReferIt3D [3]). It’s important to note that our objective is to show-
case the potential of learning visual relationship transformation to enhance multi-view

understanding, rather than attempting to outperform all state-of-the-art methods.

4.3.1 Datasets and Implementation Details

We present the datasets used in our experiments as follows: For relationship prediction ex-
periments, we employ the Realestatel0K dataset [370] and assess generalizability using the
VidVRD dataset [115]. Novel view synthesis experiments utilize both the Realestatel0K
dataset [370] and the DTU dataset [1]. Pedestrian intention estimation and trajectory pre-
diction experiments rely on the PIE dataset [227]. Visual grounding experiments involve

the Nr3D dataset [3]. Below, we provide a brief introduction to each dataset.

Realestatel0K [370]. It contains 80K video clips from both indoor and outdoor

scenes, comprising more than 10 million frames annotated with camera intrinsic parameters
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and camera poses obtained from SfM. Following [298], we use 57K, 14K, and 7K scenes for
training, validation, and testing, respectively. Notably, all scenes in the test set are unseen.
We sample views by first selecting an original view and then choosing the target view with
a maximum of 70 frames apart. Subsequently, we select frame pairs with an angle change
of > 5° and a position change of > 0.15. Finally, we obtained 16K, 4K, and 2K frame pairs
for training, validation, and testing, respectively. In the novel view synthesis experiment,
all selections are the same except for the inter-frame distance. The target views are chosen
with a maximum of 30 frames apart from the original view, and we report the results on

2K samples from [298].

VidVRD [115]. It contains 1000 videos with 4835 annotated relationship instances
spanning 132 categories. The training and validation sections consist of 800 and 200 videos,
respectively. Due to the limited number of relationship annotations in VidVRD, we select
a total of 500 image pairs from the validation videos to test the generalizability of VRT.
The selected image pairs adhere to the same criteria for angle and position changes as in

Realestatel0K. The transformation matrices are generated using COLMAP [245].

DTU MYVS [1].]. For each object, it contains 49 or 65 images, with camera informa-
tion, baseline, and structured light ground-truth. The presented objects pose a challenge
as their appearance changes in different viewpoints due to specularities. We adopt this

dataset for novel view synthesis, following the training settings in [334].

PIE [227]. It consists of over 6 hours of video footage capturing pedestrians in various
types of crosswalks, recorded by an onboard camera. It includes both ground-truth pedes-
trian intentions and trajectories, along with bounding boxes for traffic objects, pedestrian
attributes, and camera parameters. There are 1,842 pedestrian samples and 293K anno-
tated frames. Following [227], we use 150K, 30K, and 113K frames for train, validation,

and test sets, respectively.

Nr3D [3]. It annotates 707 indoor 3D scenes with 45,503 human utterances. Follow
the setting of ReferIt3D [3], we use 30K, 2K, and 8K image-query pairs for training, val-
idation, and testing, respectively. Furthermore, during the testing, we report the results
on both view-dependent and view-independent image-query pairs. Implementation De-
tails. The proposed approach is implemented with Pytorch on four NVIDIA V100 GPUs.
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In the training process, the batch size is set to 16. Adam optimizer is adopted with a fixed
learning rate of 0.0001. The loss weights A\;, A9, and A3 are set to be 0.5, 0.5, and 0.1.
During inference, the threshold « is set to be 0.5.

4.3.2 Visual Relationship Transformation

SGCls PredCls
Method Input View R@50 R@100 R@50 R@100
VRT Original 30.3 34.7 33.6 37.8
Synsin [298]4+GRCNN [318]  Original 23.7 24.1 25.3 27.7
Synsin [208]+TDE [278]  Original 23.8 243 25.6  27.8
Synsin [298]4+BGNN [116]  Original 24.0 244 25.2 28.0
GRCNN [315] Target 31.0 34.9 34.0 38.2

Table 4.1: Results evaluated with Recall@50 and Recall@100 on tasks: relationship classi-
fication (PredCls) and scene graph classification (SGCls).

We conduct both objective and subjective evaluations on hand-labeled Realestatel0OK
[370] datasets. Then, we conduct the generalizability test on the VidVRD dataset. Specif-
ically, we classify transformed relationships using a pre-trained classifier [318]. Only the

relationships predicted to be visible in the target view are considered for evaluation.

Objective Evaluation. Following the relationship categories from the Visual Genome
dataset, on which the VRD is pre-trained, we manually label 500 image pairs from the
test set of RealestatelOK, encompassing a total of 10K relationships across 51 categories.
These hand-labeled images are used only for testing purposes. Subsequently, we conduct

a comparative analysis with 1) the VRD test on the synthesized view initially takes the

original view image as input, synthesizes the novel view using Synsin [298], and then
detects visual relationships on the synthesized view; 2) Graph-RCNN [318], TDE [278] and
BGNN [116] tests are implemented on the target view, which is unavailable for our VRT

model; and 3) Our VRT predicts the relationship in the target view based on the original

view image. In Table 4.1, when provided with the same original views as input, the VRT
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outperforms the VRD on the synthesized view. Furthermore, despite making predictions
without the target view, our VRT achieves results comparable to Graph-RCNN [318]. The
results also reveal that despite a better VRD model such as TDE [278] being given, the
performance on synthesized novel views remains constrained. This underscores that the
quality of the synthesized views is a significant bottleneck. Therefore, it proves that directly

predicting transformed relationships from the original view is more effective and efficient.

Generalizability Evaluation. We further validate the generalizability of the VRT on
VidVRD [115] dataset. Since the relationship categories from VidVRD are different from
the pre-trained Graph-RCNN [318], we impose a relationship mapping from the visual-
genome [132] annotations to the VidVRD [115] annotations, details of which can be found
in supplementary materials. The VRDFormer [307] is tested with the target view as input,
while our VRT only takes the original view as input. The results in Tab.4.2 show the
VRT outperforms the VRDFormer [367] which demonstrates the VRT successfully learns

multi-view understanding when only the original view is given.

4.3.3 Ablation Studies

Transformation Sensitivity. Given that the proposed approach is transformation-
related, we conduct experiments here to test the sensitivity of our VRT to transformations.
Specifically, we split the testing frame pairs into three sets: 1) 77 with angles < 10° &
translations < 0.20; 2) Ty with angles < 15° & translations < 0.25; and 3) T3 with angles
> 15° or translations > 0.25. In Tab. 4.13, we see that VRT performs well at different

transformation levels, demonstrating that VRT is transformation-insensitive.

Method Input View R@50 R@100
VRDFormer [367] Target 18.59  22.37
VRT Original 21.35  25.41

Table 4.2: Results compared with VRDFormer [367].

Transformation Awareness. During the information aggregation of VRT, the equiv-

ariant GNN can involve the transformation of information in different stages. In this ex-
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Recall@50 Recall@100

Ty 31.5 35.8
T, 30.6 34.2
T; 29.8 33.6

Table 4.3: Results of VRT with different transformations.

Recall@50 Recall@100

T in nodes 29.5 32.4
T in edges 29.4 32.2
T in attention 29.2 31.5
T in MP 30.3 34.7

Table 4.4: Results of involving the transformation information in different stages of infor-

mation aggregation.

Recall@50 Recall@100

VRT 30.3 34.7
VRT w label 22.2 23.6
VRT w/o £,  27.8 28.7
VRT w/o L, 25.5 27.0

Table 4.5: Results of ablation study.
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periment, we conduct experiments on the hand labeling data to evaluate the performance
of involving a transformation in only the nodes representation, only the edge representa-
tion, only the attention calculation, and the whole message-passing process. As shown in
Tab. 4.14, the message-passing one performs the best. This is because the transformation
equivariance should be preserved by the node representations, edge representations, and

attention, which can only be effectively captured by the message-passing process.

Ablation Study. Here, we show the effectiveness of different loss terms. Specifically,
in the first experiment, we replace the predicted and ground-truth representation with one-
hot coding, where the predicted one-hot is obtained from argmax and the ground-truth one
comes from the pre-trained Graph-RCNN [318]. Then, we conduct experiments without
either the relationship presentness loss or the relationship structure loss. As shown in
Tab. 4.5, after replacing the representations with one-hot labels, the performance decreases
a lot. This is because, the same visual content can be annotated as different relationships,
where the one-hot label breaks the similarity between different relationships. Furthermore,
after removing the relationship structure loss, the performance decreases dramatically,

which shows the importance of preserving the structural information.

4.3.4 Novel View Synthesis

We evaluate the effectiveness of VRT on novel view synthesis tasks. Instead of hard
constraining the view synthesis by providing the one-hot relationship prediction, we utilize
the relationship features from the pre-trained VRT model in the process of synthesizing,
which is achieved by adopting the VRT model as a plug-in module. During which, the
relationship features are spatially aligned into the image space by relationship spatialization
operation in [311]. Specifically, two state-of-the-art novel view synthesis methods, Synsin

[298] and PixelNeRF [333], are used for evaluation.

Synsin [298]. We evaluate the effectiveness of VRT on Synsin by adopting VRT as a
plug-in module to provide relationship features (denoted as Synsin+), concatenating them
with the global image features extracted by the sub-module of Synsin. Following [295],
the model is retrained on Realestatel0K [370]. As shown in Fig. 4.4, VRT helps preserve
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PSNR 1 SSIM[296]1 Perc Sim |
Synsin4+  22.78 0.810 1.00
Synsin 22.31 0.740 1.18

Table 4.6: Results on Realestatel0K [370] dataset. Synsin+ denotes enhanced with VRT

[couch Iefttotable] [couch behind table] ico lei (couch behind table

[table behind chalr] ftable right to chalr] [table behind chair] (table right to chair]

Synsin+ Source View Target View Synsin Synsin+

Source View Target View Synsin

Figure 4.4: Visual results from Synsin [298] on Realestatel0K [370]. The first two columns
show the images from the original view and the target view, the third one shows the
synthesized images from Synsin, and the fourth one shows the images from Synsin+ that
adopt VRT as a plug-in module. The right four columns present that the synthesized
images get better quality when relationships are predicted correctly. The dashed boxes

denote invisible relationships in the target views.

the correct visual relationships in view synthesis. The quantitative results are shown in

Tab. 4.6, where VRT brings considerable performance improvement on all metrics.

Upon observation, we note that Synsin may display insensitivity to large transforma-
tions, potentially resulting in structural inconsistencies. For example, in the seventh image
of the third row in Fig. 4.4, given large the inter-view transformation, Synsin generates
the inadequately transformed image, while the structural consistency is enhanced by VRT
as shown in the third image, possibly because composing predicted relationships helps

preserve the structural information during transformation, thus enhancing the consistency

84



Ll I
-0 Wi B

Source view Synsin+ Synsin+ Synsin Synsin Target view

ey

Figure 4.5: Visual results from Synsin [298] on Realestatel0K [370]. The first column shows the
input image, the second and the fifth columns show the output of enhanced and original Synsin,

and the third and the fourth columns present the zoomed-in parts..
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Figure 4.6: Visual results from PixelNeRF [333] on DTU MVS [1].

between the synthesized image and the target one. In Tab. 4.7, we follow the same setting in
Sec. 4.3.3 to evaluate VRT on preserving structural consistency at different transformation

scales, where Synsin+ becomes more robust to transformations.

PixelNeRF [333]. To evaluate VRT on PixelNeRF, we adopt it as a plug-in module to
provide relationship features, which are then concatenated with the global image features
extracted by the sub-module of PixelNeRF. Following the training setting in [333], the
model is retrained on DTU MVS [I]| dataset. The visual results are shown in Fig. 4.6,
where three views are used for training PixelNeRF and we adopt one of them in VRT to
predict the transformed relationships. As shown in Tab. 4.6, the model with VRT achieves

considerable performance improvement on all metrics among all training settings.

4.3.5 Pedestrian Intention Estimation

We evaluate the effectiveness of VRT in estimating pedestrian crosswalk intention by adopt-
ing it as a plug-in module for [227]. Specifically, instead of utilizing car-view relationships,
our VRT provides the feature of relationships in the pedestrian view, which is concate-
nated with the global image features extracted by the CNN module, and then fed into the

LSTM module for intention estimation. Since it also benefits the prediction of pedestrian
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PSNR SSIM[296] Perc Sim

Synsin+ 19.98  0.712 1.301
Synsin  19.83 0.678 1.431
Synsin+ 19.90  0.685 1.210

° Synsin 1834  0.600 1.285
" Synsin+ 19.82  0.732 1.022
Synsin  17.86  0.584 1.130

Table 4.7: Quantitative results on different transformation scales.

PSNR SSIM[296] Perc Sim
PixelNeRF(1 v)+ 1591  0.618 0.465
PixelNeRF(1v) 1555  0.537 0.535
PixelNeRF(3 v)+  20.28 0.713 0.298
PixelNeRF(3 v) 19.333 0.695 0.387

Table 4.8: Results on DTU MVS [1]. 1v and 3v denote the number of available views in

the training process.

Overall Videw-dep View-indep
ReferIt3D [3]  0.356 0.325 0.371
Referlt3D+ 0.455 0.467 0.451

Table 4.9: Results on Nr3d [3] datasets.

Acct F11+ MSE] C-MSE |
PIE+ 0.8960 0.9446 551.29  513.23
PIE [227] 0.7905 0.8747 559.377  520.53

Table 4.10: Results on PIE [227].
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Source View Referlt3D Referlt3D+ Ground-truth

Figure 4.7: Visual results from RerferIt3D [3] and RerferIt3D+.

trajectory in a similar way, we thus conduct experiments on both pedestrian intention es-
timation and trajectory prediction. As shown in Tab. 4.10, both two tasks gain significant
performance improvements. This is because humans perform crosswalks and trajectory
planning according to the inter-object relationships in their view, rather than the view of

the car.

4.3.6 Visual Grounding

We evaluate VRT for visual grounding by integrating it with ReferIt3D [3]. As shown in
Fig. 4.7, RerferIt3D+ enhanced by VRT can locate more accurately than Referlt3D [3].
Furthermore, we train and test ReferIt3D [3] enhanced by VRT, and Tab. 4.9 shows the
improvements on location accuracy, where the improvement on view-dependent queries is
larger than the view-independent. This demonstrates that VRT endows ReferIt3D [3] with

multi-view understanding.
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4.3.7 Results on KITTI

KITTI [33] contains 18560 consecutive training images and 4641 images for testing in
complex city scenes. To create frame pairs for training and testing, we sample two images
at once if they lay within 10 frames away. For the rotation and translation constraints, we
adopt the same strategy as in Realestatel0K. Since the KITTI dataset includes outdoor
scenes, the depth estimation module in the VRT is retrained on KITTI, which enables

accurate depth estimation on large-scale outdoor scenes.
Comparison with Graph-RCNN

For the performance of VRT, we compare the predicted relationships with the ground-
truth relationships from the offline model Graph-RCNN [318]. We adopt the hand-labeled

images for the ablation study models the same as in the main paper.

Method Input View R@50 R@100
VRT Original 31.2 33.5
KITTTI [83]+VRD  Original 20.5 22.1
GRCNN [315] Target 31.4 33.8

Table 4.11: Results evaluated with Recall@50 and Recall@100.

It is shown in Tab.4.11, when provided with the same original views as input, the VRT
outperforms the VRD on the synthesized view. Furthermore, despite making predictions
without the target view, our VRT achieves results comparable to Graph-RCNN [315].

Ablation Study

The ablation study results for models trained on KITTTI are shown in Tab. 4.12. The
performance of VRT on all relationships indicates the predicted relationships are accurately
aligned with the ground truth. When only learned with the one-hot relationship label, the
performance decreases a lot. Moreover, when relationship structure loss and relationship

presentness loss are ablated, the performance also decreases.

Transformation sensitivity
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Recall@50 Recall@100

VRT 31.2 33.5
VRT w label 23.1 24.2
VRT w/o L, 26.4 27.1
VRT w/o L 25.1 25.8

Table 4.12: Results and ablation study on KITTIL.

Given the proposed approach is transformation-related, we conduct experiments here to
test our VRT sensitivity with the transformation, which is trained on KITTI. Specifically,
we split the testing frame pairs into three sets: Tp, T, and T3, with angle < 10° &
translation < 0.20, angle < 15° & translation < 0.25, and angle > 15° or translation
> 0.25, respectively. The results on the hand labeling data are shown in Tab. 4.13. When
tested on small-scale view transformation as in 77, the performance is the best. 75 and
T3 denote large-scale view transformation, so the accuracy decreases slightly. The model
achieves good performance on all three views, which indicates the model is transformation

msensitive.

Recall@50 Recall@100

T, 33.1 36.8
T 31.2 34.1
Ty 29.4 32.0

Table 4.13: Results of VRT with different transformations.

Transformation awareness

In this experiment, we conduct experiments on the hand labeling data to evaluate the
performance of involving a transformation in the initial nodes feature, in edge representa-
tions, in attention calculation, and in the message-passing process. The model is trained
on KITTI. As can be seen from Tab. 4.14, the message-passing one performs the best.
This is because the transformation equivariance should be preserved by the node represen-
tations, edge representations, and attention, which can only be effectively captured by the

message-passing process.
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Recall@50 Recall@100

T in nodes 29.8 31.3
T in edges 30.0 32.1
T in attention 30.4 32.8
T in message-passing 31.2 33.5

Table 4.14: Results of involving the transformation information in different stages of in-

formation aggregation.
4.4 Implementation details of downstream tasks

As mentioned before, we employ VRT across various tasks to assess its efficacy. Here,
we are dedicated to illustrating how the acquired multi-view relationship representations
from VRT can contribute to diverse tasks, such as visual relationship novel view synthesis,

pedestrian intention estimation, and visual grounding.

4.4.1 Synsin [298]

As shown in Fig.4.8 the Synsin [298] firstly extract the visual features of the input image
by the function f and then estimate the depth map by the function d. The two sets of
features are then sent to projection together with the transformation matrix 7" to generate
projected features. In Synsin+, as shown in Fig.4.9, each image is simultaneously sent
to the VRT together with the transformation matrix 7' to predict the target relationship
representations. The representations are then spatialized to the same size as the visual
features in the Synsin by a relationship spatializer as in [311]. The spatialized representa-
tions are then concatenated with the visual features from the Synsin. The other parts are

kept the same.

4.4.2 PixelNeRF [333]

The PixelNeRF [333], as shown in Fig. 4.10, firstly extracts visual features from the input

view by a CNN encoder. Then, the coordinates together with the visual features are sent
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Figure 4.8: Framework of Synsin [29] Figure 4.9: Framework of Synsin+-.

to the model f to generate RGB and density values of the target view. In the PixelNeRF+,
shown in Fig. 4.11, firstly predict the relationship representations of the target view by
the original view input and transformation matrix 7" between the views. The relationship

features enhance the rendering of the target view.

Relationship
spatializer

PixelNeRF

(x d weson [J— (x (Ram\—
— b
- = g w(nx) \-\,/,gt_ \"""-W(n'x) \_&—
CNN Encoder CNN Encoder

Figure 4.10: Framework of PixelNeRF [333] Figure 4.11: Framework of PixelNeRF+.

4.4.3 PIE [227]

The framework of the PIE [227] contains three parts: intention estimation, speed predic-
tion, and trajectory prediction. When applying the VRT as a plug-in module to the PIE,
only the intention estimation module is involved while the other modules remain the same.
The modification is shown in Fig. 4.12, when PIE only takes the visual embeddings of
each pedestrian-centered crop as inputs, we try to aggregate the relationship understand-
ings from the pedestrian view into the intention estimation. Specifically, we first estimate
the pedestrian gaze direction by the Gaze360 [122], the direction denotes the angle of the
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pedestrian’s gaze relative to the camera view. It can be converted to a transformation ma-
trix T'. With the T" and input image, the target relationship representations are predicted.
The representations are spatialized to the same size as the visual embeddings and then

concatenated together.

“— VRT

Intention Estimation
(LstM | [stM ] [LsT™ |

t [}
Conv [ Conv } [ Conv J
LSTM LSTM LSTM

—

|
‘r_—%CNN] (cNN)  (CNN)

Figure 4.12: Framework of PIE+.

Gaze
Estimation

4.4.4 Visual grounding

As shown in Fig.4.13, the ReferIt3D [3] takes the 3d point cloud and text query as input and
extracts visual and language features by a visual encoder and language encoder. Then the
features are fused to locate the referred object. Since the Referlt3D takes an unordered
3d point cloud as input, we have to designate an original view for each scene. Then
for each query such as “Facing the window, the table left to the chair”, we extract the
view transformation from the original view to the view of “Facing the window”. The
Referlt3D+-, as shown in Fig. 4.14 firstly renders the original view, then sends it together
with transformation matrix T to generate predicted relationship representations. The

representations are then concatenated with the visual features.
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Figure 4.13: Framework of ReferIt3D [3]
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Chapter 5

Human-perceptual-preferences for
novel view synthesis with sparse

views

5.1 Introduction

The previous chapters introduce perceptual relationships to improve 3D understanding and
quality. However, for single-object 3D models, perceptual relationships are not available.
In this chapter, we instead strive to dig out human perception preference information to

improve 3D rendering quality, especially for novel view synthesis.

Existing methods such NeRF [192] have achieved significant success for novel view
synthesis, driven by the rapid advancement of neural rendering techniques. It highlights
remarkable potentials in academic fields such as novel view synthesis, image editing, and
digital human body[79, , |, However, the performance of NeRF is significantly con-
strained by the availability of training views. In few-shot scenarios, NeRF is trained with
limited supervised views, i.e., 2 or 3, thus overfitting to the supervisions, leading to de-
graded quality in the generated novel views. The overfitting results in several artifacts:

1). The quality of particular novel views fluctuates during the training, undermining the
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Figure 5.1: Artifacts illustration. Each bar plot presents the quality of renderings versus
training steps and viewpoints. Our method addresses quality fluctuation (the green dot), distant
view degradation (the yellow dot), and geometry inconsistency (the red dot). The left column
of images is rendered by SPARF[2532], and our method produces more perceptually satisfactory

results as shown in the right column.

model’s generalizability across multiple novel views. As shown in Fig. 5.1, the green dot
and line exhibit the fluctuation along training steps. 2). Views farther from the supervision
exhibit much inferior quality to the nearer ones, due to greater appearance variances. The
distant view degradation results in an inconsistent cross-view experience, as seen with the
yellow dots in Fig. 5.1, where the distant view suffers from underfitting. 3). Artifacts such
as 'floaters’ and 'background collapse’, dubbed as geometry inconsistency, may arise in any

novel view and persist throughout training as shown with the red dot view in Fig. 5.1.

Numerous methods have been proposed to alleviate the artifacts in few-shot NeRF.
One line of research focuses on adding regularization to the photometric loss. However,
these regularizations don’t encourage perceptually decent renderings thus leading to photo-
metrically correct but perceptually unsatisfactory viewing experiences. Prune et al. [282]
impose photometric losses on homogeneously transformed views with learnable camera
poses and estimated depth values. Their proposed multi-view objective and depth consis-
tency loss won’t generate perceptually satisfactory renderings once the estimated depth is
incorrect. Jiawei et al. [319] proposed that frequency regularization improves the few-shot

NeRF. Michael et al. [201] utilized the appearance regularization from a generative flow
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model [50]. Again, these methods only aim to alleviate artifacts in the context of photomet-
ric loss rather than perceptual satisfaction. In contrast, human perception is more sensitive
to different types of artifacts, involving human perception as regularization doesn’t only
guide alleviating the artifacts, but also prioritizes learning perceptual decent representa-
tions. The preceding work [111] exhibited that the meta-learned NeRF model with human
perception as guidance implicitly improves perceptual satisfaction. We extend the work by
explicitly introducing human perception into the objective function to guide the training
dynamics. The intuition is illustrated in Fig. 5.2. The method [111] tilted the parameters
of the vanilla NeRF model with meta-learning to learn more general parameters, which
doesn’t guarantee the rendered novel views are perceptually satisfactory. As a comparison,
we explicitly formulate human perception into objective functions, which further tilted the

parameters of the NeRF model to generate perceptually satisfactory renderings.

Human perception also helps learn the view transformation-robust (VT-robust) field
representations. Brent et al. [320] exhibit that the VT-robust representations improve the
quality of neural renderings and demonstrate that the VT-robust representations are not
sensitive to noises of positions. Accordingly, we argue that introducing human perception
as regularization encourages learning more V'T-robust representations. The measurement
of human perception grounds in that the distortion alters the statistical property of natural
scenes, which is always represented as a mean opinion score (MOS) [198]. The photomet-
ric loss focuses on pixel-wise correction which over-penalizes the rapid color/luminance
changes occurring in view transformation. In contrast, human perception focuses on over-
all scene naturalness rather than the detailed color/luminance changes. Moreover, the
human vision system follows Weber’s law, the magnitude of a just-noticeable luminance
change AT is approximately proportional to the background luminance I for a wide range
of [296]. Therefore, by adding human perception as regularization, the few-shot NeRF is
less sensitive to abrupt color changes across views. We illustrate the concept in Fig. 5.3.
For a trained NeRF, we first get the RGB values on coordinates with enough density and
render them as point clouds. Then we attack the NeRF by adding noises to these coor-
dinates, obtaining RGB deltas. The deltas reflect the robustness of the NeRF model to
coordinates. Over-penalizing rapid color changes will cause larger deltas, denoting less
VT-robustness. (a) of Fig. 5.3 exhibits the vanilla NeRF tends to be more erroneous than
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Vanilla NeRF , With Meta-learning With HUPPO

@ 0

Figure 5.2: Human perception guides the parameters of the NeRF model (a) to progressively
converge toward a perceptually satisfactory direction (c), which is better than a merely meta-
learned model (b).

the ourmethod (b).

Nevertheless, It is challenging to construct a theoretically sound and practical frame-
work to incorporate human perception into neural rendering. Because the methods for
human perceptual quality measurement such as NR-IQA [359, 358, 357, 177] suffer from
perceptual optimization distraction [355], which might generate adversarial samples, thus
prohibiting directly adopting a pre-trained NR-IQA model as a loss function. Thanks to
the development of human preference alignment methods [373, 308, 222, 38], the preference
distribution can be learned without needing back-propagating a reward model. This merit
enables employing the pre-trained NR-IQA method as a reward model to guide NeRF

training.

In this chapter, we design a HuPPO framework to integrate image quality assessment
(IQA) and visual preference optimization into few-shot neural rendering. The human-
perception guidance helps learn perceptually satisfactory and VT-robust features to allevi-
ate the mentioned distortions. Specifically, the proposed method contains three parts: 1)
The candidate selection module. Since evaluating the perceptual preference on every view
is infeasible, we instead count on the human perception to select reasonable candidates

for enhancement; 2) HuPPO objective formulation. We formulate the human perception
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Vanilla NeRF ' With HUPPO

@ 1 ®)

Figure 5.3: Human perception enhances the model’s resilience against noises on view transfor-
mation. (b) shows that the human perception-guided field representations have fewer errors than
vanilla NeRF (a).

into HuPPO objective given the selected candidates. 3) Meta-training pipeline. Since
meta-learning helps extract shared data features, we add an extra H-step to learn the per-

ceptually satisfactory features shared between original supervision and anchor viewpoints.

5.2 Background knowledge

5.2.1 Volume Rendering

A NeRF is a continuous function f, which is parameterized by a multi-layer perceptron
(MLP) with 6, It maps a 3D position z € R? and viewing direction d € S? to volume
density ¢ € R™ and RGB colors ¢ € [0,1] as fy(vy(z),v(d)) = (o,c¢), where v is a pre-
defined position encoding. Given the camera pose of the target perspective as P, the
camera ray is defined as r(t) = o+ td along the direction d from the camera center o. The

corresponding pixel values can be rendered with the known near and far bounds [t,, tf].
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By using alpha compositing, the NeRF render a 2D image as:

Colr) = / T oa(r(t))ealr(t), d)t,
n (5.1)

T(t) = exp(—/t og(s)ds).

In rendering, discrete values are sampled along the ray between the near and far planes
[tn,tf] and approximated by numerical quadrature. Finally, the rendered 2D images are

compared with the ground-truth by minimizing the mean square error:

. 2
Lcolor - Z HC(T) - tht("n)H2 ) (52)

reR(P)
where R(P) is the collection of all camera rays. In the experiment, only a portion of rays

are sampled for training.

5.2.2 RLHF & DPO

reinforcement learning with human feedback (RLHF) and direct preference optimization
(DPO) are popular and effective methods to align language model output with human
preferences. We first review the RLHF and DPO’s pipelines as introduced in [373, 222].

RLHF includes 3 steps: supervised fine-tuning, reward learning, and reinforcement-
learning optimization. For supervised fine-tuning, a pre-trained language model is adopted
and fine-tuned with a dataset collected from specific tasks such as dialogue, and summa-
rization. For reward learning, the preference data (z,y) is generated by human testers.
Given any text prompt x, the language model generates an answer pair {(yi,42)}, and
the human’s preference is annotated and represented as (v, > y|z), where y,, and y; de-
note preferred and dispreferred answer, respectively. Then, the preference distribution is

assumed to be modeled and learned by a Bradley-Terry reward model r*:

exp(r*(z, y1))
exp(r * (z,91)) + exp(r*(z, y2))

p(y1 = yolz) = (5.3)

100



For reinforcement-learning optimization, a new language model 7y is fine-tuned from the

original one 7,y under the guidance of the learned reward model with the objective:

max —E  [ry(z,y)] = B D [mo(ylz)l|mres (y]2)]. (5:4)

7o x,y~me(ylz)

For RLHF it’s not necessary to learn a reward model, the preference distribution can
instead be represented as:
1
1 + exp(Blog = *(y2lz) — Blog T (yilz) )’

Tref (y2lz) Tref yl‘m)

P (Y1 = yelr) = (5.5)

where 7* denotes the language model fine-tuned from reference model 7,.; on preference
pairs {(y2,41)}-
The objective of RLHF is formulated as:

mo(ylr) gy ToWul?) )

L = —fBEpllogo(flog ————
pro D[ ( 7T-ref(yl|x) ﬂ-ref(yw|x)

(5.6)

Where o denotes a logistic function. To achieve RLHF, both the my and m,.f need to
evaluate the probability of the same preferred and dispreferred responses ¥, and y;. This
is straightforward for a language model since its output format is the probability of the
next token. By taking as input the first token of y; or ys, the probability of 7(y;|z) or
7(y2|z) can be obtained once a full response is generated. However, it remains a challenge
for vision tasks to model the probability of a response (RGB image). We will explain in
the Sec 5.3.2. how to achieve visual preference modeling. Moreover, Rafailov et. al. [222]

revealed that the weighted gradients might explain the mystery of RLHF":

V@(['DPO(WG; 71-Tef)) - _BE(x,yw,yl)ND[a(mx,y) : f(w,x,y)L

mo(yi| ) — Blo 7T(9<yw|x))
Tref (1] ) Tres (Yulz) "

Fry) = Volog mo(yw|z) — Vo log mo(yi|z).

Uray) = 0(Flog (5.7)

The coefficient term « gets higher when the data are more dispreferred thus updating the
parameters in more preferred directions. The gradient difference term F increases the
likelihood of preferred data.
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Figure 5.4: The proposed framework includes three modules: (1). candidate selection
creates positive and negative renderings. The positive rendering is generated from a hyper-
restoration module. The negative rendering is generated from perceptually adversarial
attack; (2). HuPPO objective is constructed on the positive and negative renderings;
(3). Meta-training first optimizes original supervisions in the I-step, then utilizes positive,
negative, and supervised renderings to optimize the HuPPO objective in the H-step, and

finally learns the general model in the M-step.

5.3 Method

Employing human perception as guidance for few-shot NeRF can get visually preferred
renderings. To achieve this, we design a Human Perception Preference Optimization
(HuPPO) framework for Few-shot NeRF. In time order, the framework includes three
parts: 1) Candidate Selection; 2) HuPPO Objective; and 3) Meta-training as shown in
Fig. 5.4.

Before going into the details of the framework, we first explain the problem setup.
When training a few-shot NeRF model fy, a set of supervision views Vy = {v, : (24, ds)} is
given, where x, d denote camera’s positions and directions. The correspondingly rendered

views are denoted as I;. Our goal is to select novel views V,, = {v,} during the training

102



with guidance of NR-IQA model @Q4(-) and enhance the few-shot NeRF with HuPPO
objective. Specifically, given the supervised views V;, we first render novel views I, at
different training stages and then select candidate renderings I. C {I,}. By calculating
the perceptual quality score, the human perception guider selects candidate renderings with
quality fluctuation, distant view degradation, or geometry inconsistency. These candidate
renderings are then processed with hyper-restoration and adversarial generation modules
to generate positive and negative pairs I,,, I,,.,. Secondly, we employ positive and negative
pairs to construct HuPPO objectives. Finally, to guarantee the model prioritizes learning
shared representations, we employ meta-training to search the optimal path that both fits

the supervised renderings /s and quickly generalizes to novel renderings I,,.

5.3.1 Candidate Selection

The Candidate Selection aims to obtain candidate positive and negative renderings to
construct the HuPPO objective. It includes two steps, 1. candidate identification, and 2.

positive and negative generation.

Candidate Identification. During the training, the novel views are rendered on
the fly. A human perception guider helps identify which degraded views are legal as
candidates. We adopt an offline NR-IQA model @), as a human perception guider based on
two considerations: 1. The NR-IQA algorithms are trained to align with human subjective
perception, which better evaluates the naturalness of images; 2. The ground-truths of novel
views are unavailable, so an NR-IQA model directly estimates the image quality without

needing reference images.

Specifically, as shown in Fig. 5.4, we first render novel views I,,; = fa(V;,;) under novel
views {Upt = (Tpt, dpt)|Vne € Vg, t € (1,2---T)}, where t denotes training stages. In
practice, we get the novel renderings every 100 training steps. Then, by calculating the
human-perception score ¢,; = Q¢(Int), the views having fluctuated g,,, severe degradation,
and large distance are identified as candidate views. Note that the higher ¢,; denotes the
better quality, thus less degradation. Specifically, for human-perception score fluctuation,

some renderings have large fluctuations where

|Gn(t+aty = Guil > 75 (5.8)
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The At denotes the increment of training stages, and 7; denotes the fluctuation threshold.
For geometry inconsistency and distant view degradation, we consider both distance and
degradation levels where

A(Vpt, V) > Ty Gt < Ta. (5.9)

The 7,, 74 denote view distance and degradation thresholds. Only when the degradation
level is greater than the 7, and the distance is larger than the 7,, the views are identified
as candidates. With human perception as guidance, we select a set of candidate renderings

{I.}, which are then sent for positive and negative generation.

Positive Generation. The candidate renderings /.. are from raw NeRF that has differ-
ent artifacts. We see the raw NeRF as an anchor model and hope to update it in a positive
direction and away from the negative direction. So we synthesize positive renderings I,
based on the candidates via a hyper-restoration module. The hyper-restoration module
can alleviate different levels of artifacts, thus implying a positive direction in the vicinity
of the candidates.

Current deep learning-based image restoration networks only work on a fixed level of
distortion, while the quality of NeRF renderings from different scenes and different training
stages varies greatly. Therefore, we propose a hyper-restoration module that employs the
human perceptual quality score as an indicator to guide the restoration network to select
necessary features. As shown in R* of Fig. 5.4, given a quality score ¢., and candidates I,

the restored image is obtained by:

Ip = R*(]ca QC)7

(5.10)
R*(I.,q.) = Conv(Fuse(Res(attn(Conv(1.), Emb(q.))))),

where R* denotes the hyper-restoration module. It firstly embeds renderings 1. and quality
scores ¢.. Then the embeddings are attended using an attention layer with Emb(q.) as
queries and patched Conv(1.) as keys and values. It is noted that the Conv(1.) is down-
sampled to a half and a quarter of the size to capture global and local features. Res(-)
denotes a residual block and Fuse(-) denotes a fusion block, idea borrowed from [3416]. But
instead of a long skip connection, we get output from the last C'onv layer. Because the
input features should be selectively used according to the distortion level, while the long-

skip connection blindly sends all information to the output. Using hypernetworks enables
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effective image reconstruction, which requires only knowing the image quality score to

achieve better image restoration at different degradation levels.

Negative Generation. When using the human perception, i.e. NR-IQA model, to
guide optimization, it is necessary to avoid generating adversarial samples as explained
in [356]. So we need negative samples to inform the NeRF away from the adversarial
renderings. To this end, we search the adversarial directions in the neighbor areas of the
candidates as done in [355]:

I, = argmax —D(Ipeg, Ie) + MQg(Ineg) — Qqs(1))°. (5.11)

Ineg

I}, denotes the searched adversarial rendering with a higher quality score but low percep-
tual quality. D(-,-) denotes an Euclidean distance which constrains the search within the
vicinity of the candidates I.., here an MSE loss is used. Maximizing the (Qg([ney) —Qs(1))?
aims to find adversarial samples with high perceptual scores assessed by an offline NR-IQA

model (Q,. A balances the area of searching neighbors and adversarial neighbors.

5.3.2 Human Perceptual Preference Optimization

Given the positive renderings I,, negative renderings I,,.4, and candidates I., the HuPPO
objective is constructed based on a direct preference optimization [222] formulation. The
HuPPO aims to guide the model in approaching positive renderings and keeping away
negative renderings. The positive renderings are more perceptually satisfactory while the
negative renderings are adversarial samples. Based on the equation 5.5, we model the
preference probability as:

1

Py = Ineglle) = To(Ip|1c) 7o (Ineg|lc)
1+ exp B(log iy — o8 Zrraniy)

. (5.12)

By maximizing the preference probability p(l, = I,e4|l:), the NeRF model’s renderings
gradually change from I. to I,. ms(y|z) denotes the probability of the learnable transfer
model from z to y. 7'(y|r) denotes a reference transfer model. To understand how to
connect the preference probability with human perception and the NeRF model, we have

to clarify the details of the transfer model.
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Transfer Model. As explained in section 5.2.2, the 7(y|x) denotes the probability
of answer y given question x, which can be a large language model for natural language
tasks. The preference probability can be obtained straightforwardly from equation 5.5,
based on which the RLHF and RLHF work. For vision tasks, we interpret the 7(y|z) as
the tendency of transferring from x to y. It’s more probable to transfer when z and y are
closer and y has good perceptual quality. We can model the transfer model in a maximum

a posterior (MAP) estimation framework:

m(y|x) oc exp(—=E(ylz)) = exp(=(D(y, z) — Aq(y))), (5.13)

where E(y|z) denotes the Gibbs energy, D(y, z) denotes the likelihood term, ¢(y) denotes
a prior term. As explained in [350], the likelihood term can be implemented with a mean
squared error (MSE), and the prior term can be implemented with an NR-IQA model. The

transfer model is consequently formulated as:

To(Ip|le) = exp(—D(1y, I.) + Aq(1p)),
To(Lneg| L) = exp(—D(Ineg, 1) + Aq(Ineg)), (5.14)
[c = f@(xc, dc)

Here the candidates I. are rendered by the NeRF model f; from camera positions and
directions z., d., where # denotes learnable parameters. The equation 5.14 manifests that
the NeRF model tends to transfer to positive renderings with higher perceptual quality
and move away from negative renderings with lower perceptual quality. Maximizing the

preference probability in equation 5.12 allows us to get perceptually preferred NeRF model
Jo-

By taking the average logarithm value of the preference probability, we get the final
HuPPO objective:

o (Lp| 1)

Tref(Ip|1e)
79 (Ineg|Lc) )
Tref(Ineglle)

Liuppo = —E(1,.1,09.1.)~p(log o(Blog
(5.15)
—fBlog

where o denotes a logistic function.
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5.3.3 Training scheme

Given the supervised renderings /;, candidate renderings I, positive renderings /,,, negative
renderings I,,., and HuPPO objective L0, the training scheme is developed with three
steps: I-step, H-step, and M-step. As shown in Fig. 6.2, the I-step optimizes the NeRF fj
on supervised renderings I; with photometric loss as equation 5.2. The H-step optimizes
the fy with HuPPO objective as equation 5.15. The M-step does a meta-learning update.
For each iteration, we execute the I-step, H-step, and M-step once and repeat until the

convergence.

I-step. In the I-step, the NeRF model is initialized with 8y,. Given the camera posi-
tions and directions x4, dg of supervised views, the optimal parameters 6; is obtained with
objective:

1 2
0; = in — s,ds) — I7]5, 5.16
argr%(l)nsa; ||f90($ ) s||2 ( )
where S denotes the number of rays in a batch, the I} denotes the ground truth color of

view s.

H-step. In the H-step, we aim to learn the better human perception aligned parameters
6, via minimizing Ljypp0(01), given the reference model fy,, positive renderings I, negative
renderings [,.,, and candidates I.. The 7’ is initialized with the parameters §; from the

[-step. So we have

oy, (IP‘[C

(=D Iy, fo,(ve)) + q(1p)),
XD(=D(Ineg: f9,(ve)) + 4(Ineg)),
(=D(Ip, fo,(ve))))
(=D (Lneg, fo,(ve)))-

exp

I
@

)
70, (Ineg| L)
' (Iplle)

7 (Ineg|1c)

(5.17)

exp

Y

)

Here we set A to be 1, so it is omitted. v. = (z.,d.) denotes camera positions. Since the

exp

fo, is optimized with photometric loss, the perceptual quality doesn’t affect its transfer

probability, so the right hand of 7’ doesn’t include a prior term ¢(-). With the eq. 5.17,
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the eq. 5.15 can be simplified as:

Ehuppo<0h) = E(Ip,lnegulc)ND(log O.[
5(—D9h +q—+ Dgi) (518)
_/8<_D6h +q+ DGz)])a

where Dy = D(I,,, fo(ve)), ¢ = q(I,), D denotes likelihood term of negative renderings.

To understand how the L,y achieves perceptual preferred optimization, we get the
derivatives with g = 1:

v(?hﬁhumm(@/) = _E[
o[(=Da, +q+ Ds,) = (=Dg, + G+ Da,)]- (5.19)
[Veh(_Deh) - Vgh(_Deh)]‘

The derivatives exhibit the ideas of the HuPPO. Firstly, it encourages the model to ap-
proach the positive renderings and keep away the negative renderings when Dj, is small
and Dy, is large. Secondly, the ratio o[(—Dy, + q + Dy,) — (—Dy, + 4 + Dy,)] gets larger
when the transfer model has wrong tendency. What is interesting is that the ratio term
also avoids generating adversarial renderings. The adversarial vicinity is defined in [350]
as images for which the fidelity terms Dy, , Dgh are much smaller than a threshold, but the
perceptual quality ¢, ¢ have a large discrepancy. In the equation 5.19, when Dy, , D@h are
much smaller than ¢, ¢, the ratio becomes o(q¢ — §). So the optimization for renderings

where ||G — ¢|| >> d will be punished, where d denotes discrepancy.

M-step. To quickly generalize to novel views, we can employ meta-training pipelines
such as MAML[G0] to learn a generic representation of NeRF. Different from the Meta-
NeRF [271] which takes as task distribution of all scenes, our task distribution is measured
on supervised plus positive and negative views. The insights are that we want to learn
the shared features of different renderings of the same scene to avoid overfitting certain

supervised views.

Like the MAML, we take the initial parameter 6, from the H-step. Given the supervised

renderings I, and positive renderings I,, we hope the 8, could be optimized to provide a
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good starting point to the next I-step. Taking the 6, from H-step as initial parameters 6,

the objective is:
0 = argmin Elj L1(fo-avorz(sa): (5.20)

where I denotes the union of supervised and positive views. L(-) denotes photometric loss

as euqation 5.16. « denotes the learning rate.

By iterating the I-step, H-step, and M-step, we finally get a perceptually preferred
NeRF model. In the experiment, we can set different iterations for the I-step, H-step, and

M-step to get optimal results.

5.4 Experiments

In this section, we first explain datasets and implementation details. Then, the proposed
method is compared with state-of-the-art methods in Section 5.4.2 and we also explore how
much these methods will be improved by being integrated into our framework. To deeply
inspect the improvements over the explained distortions, we show a detailed analysis in
Section 5.4.3. Then we also present a user study on the perceptual quality of renderings in
Section 5.4.4. Finally, we conduct an ablation study to investigate the influence of using

different NR-IQA methods, restoration modules, and the number of meta-views.

5.4.1 Datasets and Implementations

The proposed method is trained and evaluated on three datasets: the LLFF [249], Blender |
and the DTU [l 13]. For LLFF, we use 10 scenes for testing phase optimization. In the
training, we randomly select 3, 6, or 9 views as supervisions, and evaluate on other 8
viewpoints following the community standards [192]. For Blender, we take the same train-
ing and evaluating schemes as the LLFF on 6 scenes. For DTU, we select 10 scenes that
contain clear objects for training and testing. Since we do not aim for generalizability as
PixelNeRF [333], we fit each scene with an individual model. For other SOTA methods, we

retrain them on the selected scenes, so the reported performances are somewhat different
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from their papers. As for metrics, we report PSNR, SSIM[296], and LPIPS scores[351] on
the evaluation viewpoints. Besides, since our training framework encourages more percep-
tually satisfactory rendering, we also report the perceptual quality score with the NR-IQA
model [289]. Our proposed HuPPO can be inserted with other NeRF models, where only
the training loss and meta-learning pipeline need to be added. So we compare with SOTA
methods by implementing the HuPPO on their baselines. We train the hyper-restoration
module out of the HuPPO on top of baseline [316]. To avoid data leakage from the same
scene contents, we collected distorted images from 88 training scenes of DTU. For LLFF
and Blender, we select one viewpoint for each scene. Note that these views are not ac-
cessible for the NeRF training and evaluation. We also take the degraded images from
half-trained models to maximally enrich the restoration module training. When selecting
candidate viewpoints we adopt the NR-IQA method LIQE [359]. In the NeRF training,
for the DTU dataset, we uniformly downsample all images to 400 x 300 and randomly
sample 1024 rays in batch size to calculate the loss. For the LLFF dataset, we adjust the
resolution to 1/8 of the original size and randomly sample 2048 rays at each optimization

iteration. All experiments are trained on an A100.

5.4.2 Comparisons

Here, we report the experimental results in both quantitative and qualitative ways. Since
our training framework can embed with any NeRF model, we compare with NeRF [192],
Pixel-NeRF [333], Dpeth-NeRF [19], Reg-NeRF [201], and SPARF [282], by replacing the
NeRF backbone with these methods.

LLFF dataset. The table 5.2 presents the results of the SOTA methods and the
enhancement with our HuPPO framework on the LLFF dataset [219]. The results show
that in both 3, 6, and 9 views evaluation, the introduction of HuPPO leads to good im-
provements on both PSNR, SSIM, and LPIPS. To demonstrate that HuPPO helps improve
perceptual quality, we also compare the perceptual quality scores evaluated by the NR-IQA
model LIQE [359]. The last 3 columns present the NR-IQA scores, scaling to (0, 1), we find
that HuPPO improves more on the pixel-NeRF, we analyze that is because they introduce

semantics information into the NeRF model, and the LIQE also adopts the pre-trained
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backbone of the visual-language model. In another aspect, the Pixel-NeRF doesn’t per-
form well on the llff dataset because it is pre-trained on the DTU dataset, which contains
more about single object contents. So the distribution of data in DTU is much different
from the 1Iff. After being enhanced with the HuPPO framework, which provides perceptual
guidance on more general data, the Pixel-NeRF progresses remarkably, demonstrating the
effectiveness and generalizability of the HuPPO.

Original ' Enhanced

Figure 5.5: Qualitative comparisons of SOTA methods NeRF [333] (first row), Depth-NeRF [19]
(second row), and Sparf [282] (third row). The red-boxed figures present the original models’

results while the yellow-boxed figures present the enhanced results with HuPPO optimization.

DTU & Blender datasets

contain simple objects while the LLFF contains natural scenes. Quantitative results
of the DTU and Blender datasets are summarized in Table 5.1 and Table 5.3, where our
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Figure 5.6: Geometry rendered by marching cubes [172]. The first and the third columns plot

two different views of the mesh learned by NeRF [192] on 3 supervision views. The second and

fourth columns present two views of the mesh learned by the NeRF enhanced with the HuPPO.

method achieved the best overall performance. For the DTU, we don’t compare masked
results as in [192, 201], because the aforementioned artifacts are possible to occur in the
background. Compared to frequency and geometric regularization methods[201], our re-
sults show a 0.2—1.4 improvement in PSNR even when there are only three training per-
spectives. Compared to the method of adding additional supervisory information[282], our
method still outperforms them in terms of performance and achieves an average increase of
0.5 in PSNR. In addition, compared to Pixnerf[333], our method renders images with less
damage and leads by an average of over 0.6 on PSNR, further proving that our method

can introduce more scene information.

Qualitative results are shown in Fig. 5.5. We compare the visual results of NeRF,
Depth-NeRF, and Sparf trained with 3 views. Each method is enhanced with the HuPPO
framework. For each method, the red-boxed one shows the results of the SOTA methods,
and the yellow one exhibits the HuPPO results. Observing the NeRF-NeRF(h) trained on
3 views, the HuPPO successfully removes the ‘floaters’, i.e. geometry inconsistency. For
Depth-NeRF on 3V, the HuPPO generates more perceptually satisfactory renderings of
the ‘fern’. Besides, the HuPPO also avoids overly noisy or blurry rendering as shown in
Sparf.
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5.4.3 Distortions removal

To understand how the HuPPO helps remove the mentioned distortions: “quality fluc-
tuation”, “distance view degradation”, and ”geometry inconsistency”, we investigate the

structural quality, appearance quality, and training dynamics of the few-shot NeRF model
and the one enhanced by the HuPPO.

Geometry Inconsistency. To analyze how the HuPPO alleviates the geometry in-
consistency, we adopt the marching cubes [172] algorithm to construct the meshed surface
of the learned fields. The Fig. 5.6 compares the learned meshes by NeRF [192] and the
HuPPO. It is observed that with the HuPPO as regularization, the learned geometry is
more complete and has fewer floaters. This is because the HuPPO encourages the opti-
mization of the NeRF in a perceptual, satisfactory direction. The unsatisfactory direction
such as incomplete structure is discouraged by penalizing the adversarial sample generated
by equation 5.11. So the floaters and incomplete structure which will be recognized as low

perceptual quality are alleviated.

Distant View Degradation. We further inspect how the HuPPO helps improve
distant view degradation. As shown in Fig. 5.7, we render the neighboring views of the
supervised one and compare their visual quality. We select two distant novel views, the
red cameras in the left picture, and one supervised view, the green camera. The enhanced
distant views have more clean details. Further, we also check the perceptual qualities of the
distant views as shown in the left picture of Fig 5.8. It is observed that for Sparf [252] and
DsNeRF [19], the perceptual quality suffers the distant view degradation, where the su-
pervised view (#5) has a much higher score than its neighbors. After being enhanced with
HuPPO (Sparf(h)), the quality difference between the supervised view and the neighboring

views is less, which provides a smoother viewing experience.

Quality fluctuation. To visualize how the HuPPO decreases quality fluctuation, we
analyze the training dynamics of the few-shot NeRF [192] and the HuPPO. As shown in
Fig. 5.9, we select the two nearest neighboring views of the supervised one and observe
their quality fluctuation during the training. Note that these two views have reference
counterparts so we can calculate their PSNRs. The reason for selecting two nearest neigh-

bors is that they experience the highest level of quality fluctuation. The training stages

115



B e

Figure 5.7: Distant view degradation. The left plot illustrates which views we select. The green
view camera represents the supervision view, and the brown and red cameras denote novel views.
The top 3 renderings are from the sparf [282] trained on 3 supervision views, the bottom 3 are
enhanced with HuPPO.

from 1 to 10 represent 10 milestones in the training, each corresponding to 500 iterations.
It is observed that the Few-shot NeRF suffers from quality fluctuation starting from about
30000 iterations, since when the quality drops down. The HuPPO alleviates the quality
fluctuation and gets better quality. Even though the HuPPO doesn’t perform better at
the early training stages, as shown in the “ourl” curve, it finally surpasses the quality
fluctuated one, as shown in the “NeRF1” curve. This demonstrates the robustness of the

HuPPO and the damage of quality fluctuation.

5.4.4 User study

As stated in Sec. 5.1, the HuPPO contributes to learning perceptual decent features. How-
ever, justifying it by only providing NR-IQA scores is not enough because the NR-IQA
model is involved as regularization in the training. So we do a user study to help identify
which rendering of NeRF or HuPPO has higher quality and rank them in three levels (good,
neutral, bad). In the user study, we randomly render 5*10 views from 5 NeRF models and
ones enhanced with HuPPO. Then we invite 15 subjective testers to score the quality of

the renderings. The three levels of scores are mapped to (1,2,3) and then averaged over
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Figure 5.8: Distant view degradation. The perceptual quality of distant views of Enhanced Sparf
is better than that of Sparf and DsNeRF.
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Figure 5.9: Quality fluctuation: the PSNR v.s. training stages of the two nearest neighbors
to the supervised views are denoted as “NeRF1” and “NeRF2”. The dynamics of HuPPO are
denoted as “Ourl” and “Our2”.
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Scenes
scan82 fern trex flower hotdog
NeRF 213 233 247 240 2.06
HuPPO | 240 2.60 2.67 2.67 2.27

Table 5.4: Subjective test for perceptual quality assessment of 5 scenes.

testers. We report the average scores in Table. 5.4 on 5 scenes. The HuPPO gets better
perceptual quality than the few-shot NeRF model, which demonstrates that the HuPPO

encourages the NeRF model to learn perceptually satisfactory features.

5.4.5 View-transformation robustness

The HuPPO also contributes to learning the view-transformation robust features. Here the
features refer to the intermediate outputs of the NeRF model, whose size might be N x L.
The N denotes the number of valid points, of which the ¢ (in equation 5.1) is larger than
a threshold, and L denotes the length. However, it is not straightforward to visualize the
VT robustness of the learned features since it is a high-dimensional vector. We instead
measure the perceptual quality robustness of different NeRF models given certain levels
of view perturbation. The idea is if the NeRF model exhibits less quality variation given
different view perturbations, then it proves the model learns VT robust features. As shown
in Table. 5.5, we impose 5 different levels of random view perturbation onto the NeRF [192]
and HuPPO and report the average and standard deviation of the NR-IQA scores. For
each perturbation level, the scores are averaged over 10 randomly selected perturbations
on 3 NR-IQA models [358, , |, and their outputs are mapped to 0 ~ 100. It’s
observed that 1. the HuPPO exhibits less variation towards view perturbation; 2. the
larger perturbation influences not only the variation but also the average quality, where
HuPPO experiences less decrease than the NeRF. The results demonstrate that HuPPO

learns more robust features.
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View perturbation
0—5° 5—10° 10 —15°  15—200 20 — 25°
NeRF | 46.3 (4.7) 455 (5.4) 44.7 (6.3) 42.9 (9.5) 42.7 (10.3)
HuPPO | 57.8 (3.5) 57.1(4.1) 56.4 (4.9) 55.1 (5.5) 54.5 (6.2)

Table 5.5: Ablation study of results under different view perturbation.

Training Views
3 3+1  3+2 343 3+4
PSNR | 17.40 18.36 18.40 18.47 18.58
SSIM | 0.79 080 0.81 0.82 0.84
LPIPS | 0.20 0.23 0.22 0.21 0.20

Table 5.6: Ablation study of results for different candidate views.

5.4.6 Ablation study

In Table. 5.6, We randomly select a scene from the DTU dataset and ablate the number
of increased training views. Here, we have selected models trained from three different
views with corresponding ground truth as the baseline, while the other increased views are
images obtained through our method with certain damage. It can be seen that within a
certain range, the performance of the NeRF model is gradually improving with the addition
of new views. However, when there are too many damaged image views, the performance
of the model will become inferior to the baseline. This may be because a large amount of
damaged images have caused too much noise to interfere with the accuracy of the model.
Therefore, in the experiment, taking into account the quality of the rendered image and
the convergence speed of the model, we adopted the scheme of adding one view. In Fig.
5.8, we compare different NR-IQA models (LIQE [359], BRISQUE [194], NIQE [195],
HyperlQA [268], Golestaneh [91]) by mapping them to 0 ~ 100. The results show that the
LIQE has the most similar tendency as the PSNR, so it is a reliable method for candidate

selection.
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Figure 5.10: Ablation study on the performance of different NR-IQA models.
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Chapter 6

Efficient and General 3D
Representations for 3D Data

(GGeneration

The above chapters introduce the effectiveness of extracting perceptual representations
to improve 3D understanding. In another aspect, the efficiency and generalizability of
representation are also major concerns in making 3D models applicable. In this chapter,
we introduce efficient and general 3D representations and apply them to various 3D data,
including point clouds, and neural radiance fields. We also evaluate the ideas on 2D images.

Specifically, we focus on representing 3D data with INR.

6.1 Introduction

INRs are powerful tools to represent complex data as continuous functions with neural
network parameters. This functional representation is agnostic to the underlying data
modality, making INR a universal way to represent diverse data types, including audio,
images, and 3D volumes. Unlike conventional discrete data structures with explicit for-

mats, INRs implicitly encode data in the parameter space. This allows for more detailed,
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Figure 6.1: Hierarchical generation of universal data modality. Top: expanded representa-
tional capabilities of a Layers-of-Experts INR model. Bottom: aligning these capabilities
with hierarchical data patterns enables precise control over the generation process. Each
column presents generated samples resulting from a divergence in routing at a specific

layer, with arrows indicating the shared routing in the preceding layers.

compact, and flexible representations. Recent advancements in the quality and efficiency
of INRs greatly enhanced their performance across various applications, such as image
fitting [257, 56|, video compression [25, 24, 152], shape modeling [365, 191], novel view
synthesis [193], and beyond.

The generalization ability of INRs, however, remains limited, since INRs are typically
trained to overfit individual data instances. Keeping in mind that all data information
is embedded in INR’s parameters, the parameter space acts as a hidden manifold that
captures the structures and variations of data. Building on this concept, a recent line of
work [209, 20, 57, 332] has focused on modeling the parameter distribution to generalize
INRs. A common approach is to adopt a two-stage framework. First, a collection of INRs
is fitted to each data instance. Given a collection of data {(x,f)}, each INR fg : X — F
is learned by finding weight @ to minimize the distance between fg(x) and f € F. x € X
denotes coordinates (e.g. pixel locations) and f € F denotes signals (e.g. RGB values).

Second, the weight distribution p(8) is learned through generative models. Since the raw
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INR parameters are intractably high-dimensional, a condensed latent vector h is often used
to represent each INR via modulation [57]. This simplifies the task of learning p(@) by
transforming it into the surrogate task of learning p(h), which exists in a more manageable

lower-dimensional space.

Despite the various modeling approaches, these methods learn the joint distribution of
all parameters of an INR, treating each INR’s parameters indiscriminately via a flattened
latent. This approach overlooks the inherent hierarchical structure of INRs, particularly in
multilayer perceptron (MLP)-based architectures such as SIREN [257], where each layer’s
representation capacity depends conditionally on the previous layers. As a result, these
methods fail to capture the hierarchical patterns in the data. Taking the facial image as an
example, hierarchical semantics refer to progressively detailed facial characteristics, such
as overall facial shape, expression, and shape of eyes. Meanwhile, the parameters of INRs
exhibit layer-wise expanded representation capacity [343], determined by its hierarchical
structure. However, learning the joint distribution with flattened parameters ignores the
correspondences between the INRs’ expanded representation capacity across layers and
the hierarchical patterns in the data. This misalignment brings two challenges: (1) The
generalizability of INRs to unseen data is impaired. The joint distribution learning encodes
the entangled semantics together into one flat latent, where the co-occurrence of certain
semantics is inevitable. Therefore, the diversity of the generated data is limited. (2)
Control over the generated content is limited. While generative models, such as latent
diffusion, are employed with INRs to generate new data, they cannot link the sampled

noise to the expected semantics in the output.

To address these challenges, we propose a novel approach that models the hierarchical
structure of INRs, promoting layer-wise control in the generation process. Our method
starts by training a collection of INRs on a dataset. Each layer of an INR is parameterized
as a mixture of experts (MOE) layer to increase expressivity, where a set of expert weights
and a latent vector are learned. The experts at each layer are shared across the dataset,
while the latents are data-specific, routing the data flow and modulating the contribution
of experts. Layers of MOE are cascaded to form an INR, which we call a LOE network.
Consequently, a LOE with L layers will have L latents adapted to the fitted data, effec-

tively capturing and relating its complex patterns with layers of latents. By modeling the
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conditional dependencies of these layer-wise latents with our proposed HCDM, we maintain
the hierarchical structure of INRs. This unlocks a controllable generation process, aligning
the layers in INRs with the hierarchies of data semantics for the first time. As illustrated in
Fig. 6.1, the data flow for a generation process resembles a tree-like structure: the routing
in the next layer is constrained by the paths in previous layers, allowing full control of
where a different routing strategy should be explored. Early deviations in routing lead to
significant semantic differences in the generated content, while a later deviation results in

minor differences in details.

6.2 Background knowledge

In this section, we introduce INRs and their generalization ability while highlighting their
connections to our proposed approach. We also analyze the inherent hierarchy in INR’s

parameters.

6.2.1 Implicit Neural Representation and (Generative INRs

INRs parameterize data such as audio, images, video, and 3D voxels as mappings from
coordinates to signals, enabling a unified framework for various data modalities [37, ].
Remarkable progress has been made to enhance the representation quality, efficiency and
compactness for audio [377, , 267, 137], images [257, 64, 32, , 240], 3D contents [193,

, , , , |, and videos [25, , ]. Despite performing well on different
modalities, INRs struggle to generalize to multiple and unseen data, as each instance is

typically overfitted with a separate MLP. To address this, two key strategies have emerged:

(1) learning content-specific input features [333, , 138] and (2) modulating network
parameters with hyper-latents [187, , 58, . Generative models [92, | further
extend INR’s capability to generate new data. GRAF [218] and GIRAFFE [202] generate

shape and appearance codes from noise, which are combined with coordinates to construct
scenes. [63] use a diffusion model to generate INR weights. [59, 54, 57, 15] learn the

distribution of latents that map to or modulate INR parameters, and generate new content
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by sampling in the latent space. mNIF [332] further enhances the expressivity of INR via
model averaging. These methods essentially model the distribution of INR parameters
p(0) by learning latent distributions p(h), but fail to capture the layer-wise hierarchical
structure of INR parameters, limiting their ability to accurately model distributions and
control generation, which will be discussed in Sec. 6.2.2. Building on the latent modulation
approach, we introduce a hierarchical controllable diffusion model, capturing dependencies

between layer-wise latents for improved generalization and control.

6.2.2 Hierarchy Analysis of INR

In this section, we review the INR architecture and analyze its inherent hierarchical rep-

resentation ability. Using the SIREN [257] as an example, a two-layer SIREN is generally
formulated as:

fg(X) = W2 SiIl(Wl : ’y(X)), 0= [Wl, WQ], (61)
where v(x) = sin(Q - x),Q € R%*“" denotes positional embedding of coordinates x,

W, € Rew*2 W, € R?*“ denote the parameters of each layer. The bias is omitted
for simplification. From the perspective of Fourier-Transformation, the input frequency
domain 2 is composed of ¢; frequency basis, Q = [Qg,Qg, -+ ,Q,_1]. According to the
[275] and [343], an MLP layer with periodic activation sin(-) only expands the input fre-

quency basis in a sparse and limited bandwidth. The equation 6.1 can be reformulated

as:
c1—1
f@(x) = Z Qo Sin(w/ ’ X)’ Qryyr X W2 ’ H ‘755 (Wl['vc])
w'€H(Q) c=0

(6.2)

c1—1 c1—1

HOQ) C{) BB €Z & > B < K},
c=0 c=0

where J, denotes a Bessel function, Wy, denotes the column ¢ of W;. The equation 6.2
reveals the properties of each sin(-) activated INR layer in two aspects. First, the output
spectrum of layer 2, i.e. «u, is dependent on the spectrum of layer 1, determined by
W;; Second, the output frequency domain H(£2) is sparse since [3, is an integer, so H(€2)
only covers sparse frequency space spanned by the basis {.£2.}. These suggest that INR
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model is used to represent large-scale data, utilizing instance-specific latents and shared experts.
Stage-2 introduces a Hierarchical Controllable Diffusion Model to learn the layer-wise conditional

distributions of the latents.

layers’ spectrum and frequency basis inherently exhibit a sparse and hierarchical structure,
encoded by 8, which extends to their representation ability. Latent-modulation approaches
like mNIF [332], which model the parameter distribution p(€) with the surrogate task
of modeling the latent distribution p(h), overlook the hierarchy in h transferred from
0. Ignoring this hierarchy leads to reduced expressivity and generalizability, and limited

control over the generation process.

6.3 Proposed Method

Our method uses a two-stage framework to align the hierarchy of data semantic and INR’s
expanded representation ability, as shown in Fig. 6.2. In the first stage, we train individ-
ual INRs to fit a target dataset. In the second stage, we use generative models to learn
the weight distribution for generating new data. Directly modeling the INR weight dis-
tribution brings three challenges: (1) independently trained INRs make it hard to extract
shared information for distribution learning, (2) the high dimensionality of raw weights
is intractable, and (3) it ignores the hierarchical structure of INRs. To address these is-

sues, we configure the INR as a Layers-of-Experts network, where each layer contains a
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set of shared expert weights and an instance-specific latent vector. As shown in the left of
Fig. 6.2, the inference process builds each INR layer by layer, combining the experts with
the corresponding latent vector. This structure captures shared information through the
experts, simplifies distribution learning by focusing on the latents, and explicitly models
the conditional dependencies within the hierarchical structure of INRs. In the following
sections, we first define the LOE structure and the learning task, followed by detailed

explanations of the two stages.

6.3.1 Problem Statement

Suppose an INR fg has L layers. For layer [, we learn a collection of K cross-data shared
expert weights @' = {6},0.,--- 0%} and a unique latent h! € R for each data instance.
At inference, the parameters for layer [ in an instance-specific INR are obtained by 9 =
25:1 0. - ol where [a}, b, ...,ak]" = a! denotes the gating vector and is computed by
a gating module a! = g4(h'). Compared with directly learning the gating vectors, the
function g4(-) allows for a more compact latent that benefits distribution learning. By
modulating the contribution of experts via latents, each layer gains the flexibility to adapt
to individual data samples using a shared basis. Since L layers are cascaded to form the final
INR, its expressive capacity is significantly enhanced through the integrated contributions

across layers.

In Stage-1, we optimize the shared network parameters denoted as
0 = {017027 o 70L7¢}7

and fully characterize each instance-specific INR by layer-wise stacked latents h = [h!, h? ... h] e
RZ*L The layer-wise latent structure enables hierarchical modeling of INR parameters,
which aligns with the inherent hierarchy of data semantics, allowing for layer-wise depen-

dency modeling in Stage-2, and controllable data generation.
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6.3.2 Stage-1: Learning a dataset of LoE INRs

Similar to Functa [57] and mNIF [332], we use meta-learning and auto-decoding to train
both the data-specific latents h and the shared parameters @ for the LOE INR during Stage-
1. For meta-learning, we adopt an interleaved training procedure inspired by CAVIA [375],
where the experts and latents are updated alternately in separate training loops. In the
inner loop, we fix 8 and adapt the latents h to data samples. Within each inner loop, h
is first randomly initialized around zero and then updated for a few steps. In the outer
loop, 0 is optimized based on the updated h. This ensures each data-specific latent can be
effectively learned within a few iterations, encouraging faster convergence and adaptation
to new data, which is essential for distribution modeling and generalization in Stage-2.
In the case of auto-decoding, we jointly optimize all parameters, maintaining a latent
bank for the dataset and updating the sampled batch of latents in each iteration. Unlike
meta-learning, auto-decoding does not require second-order derivatives, making it more
computationally efficient. Due to this efficiency, we apply auto-decoding specifically for
NeRF training.

In both approaches, each data-specific latent h consists of L components separately
modulating the L layers in the LOE INR. This setup facilitates conditional distribution
modeling for Stage-2, as opposed to learning their joint distribution like mNIF and Functa,

enabling hierarchical and controllable generation.

6.3.3 Stage-2: Conditional distribution learning for generalizable
INRs

Given a collection of learned latents H = {hy, hy,---hylh, € R7*E} where N denotes
the number of data instances, L the number of layers, and H the dimension of each layer of
the latent, the Stage-2 aims at learning the distribution of latent p(h). Instead of blindly

modeling the joint distribution, we reformulate p(h) as follows:

L

p(h) = p(h', b’ - h*) = p(h") [ p(b'[0), (6.3)

=2
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Figure 6.3: Condition formation. Layers of latent h are first concatenated and then com-
pressed. The compressed tensors are binarized to generate low-dimensional binary condi-

tions.

where p(h<!) = p(h!, ... h'1) denotes the joint probability of first [ — 1 layers. We design
a hierarchical conditional diffusion model to learn the conditional dependency p(h![h<!)
in equation 6.3. As shown in Fig. 6.2, Stage-2 illustrates the architecture of the HCDM,

which includes a forward process and a backward process.

Forward Process

We initialize the h at step 0 as hg = [h}, - - ,h{] with a conditional chain of length L, the

forward process for each layer h' is formulated as:

T

g(hfph) = [Jahihi_y), q(hifhi_,) := N(hj; /T = Bhi_, 5T), (6.4)

t=1
where g(h!|h!_|) denotes the posterior distribution of the hl given h! ,, T denotes the
number of diffusion steps. (1, -, Br denotes the variance schedule of the added Gaussian

noise NV(-). By the forward process, the noise sample hy = [hl. -+  hk] is generated from
hy = [h(lja T >h(ﬂ'
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Backward Process

The backward process models the prior distribution defined by equation 6.3. To model the
hierarchical structure, the backward process should express the conditional dependency
p(h!|h<!) for all L components. Therefore, we take the h<! as condition, and generate
h! for [ = 1,--- L iteratively. To understand how to process h<! as a condition, we first

explain the details of condition formation.

Condition Formation. To generate a latent h = [h!,--. h’] the condition forma-
tion prepares for each h! a condition vector ¢! encapsulating h<!. Since h resides on a
low-dimensional manifold (e.g., 64), the condition ¢! should contain less information to
prevent the HCDM from memorizing all one-to-one mappings from h<! to h!, where p(h)
inevitably degenerates into p(h'). Therefore, we embed the conditions h<! into a lower-
dimensional binary vector. Fig. 6.3 shows the framework of condition formation, which
includes two steps. (1) All h<! are concatenated and compressed with a compressor W to
get a compressed tensor v € RY: vl = W . concat(h!,--- |h%), W € RE*HL hi ¢ R¥,
where C' denotes the compressed dimension. To match the dimensions of W with the
concatenated tensors, we set the values of the unused portion to zero. (2) Given the com-
pressed tensor v!, a binarized condition tensor c' is obtained by: ¢! = Q(o(v')), where

Q(+) denotes the binarization operation, o denotes the “Sigmoid” function. For c!, we set

it as a zero tensor since h! has no condition. Now we get the condition c',-- -, c’.
Hierarchical generation. With the condition ¢ = [c!,- - , %], noise sample hy =
[hl., -+ hE] time step ¢, we are all prepared to generate a complete latent hy. To generate

a component h, the backward process is formulated as: p(hl.|c') = p(h}) [T, p(hl_,|hi, c!).
It is noted that a complete backward process, generating a sample from p(h}|c!), is exactly
the implementation of p(h'[h<!) in equation 6.3, where c' corresponds to h<!. We adopt a
UNet [236] pg as in [260, 104] to implement p(h! | |h, c):
p(hifﬁhi, Cl) = N(hilifl : Eg(hi, ¢, Cl)? E(t))
\/a_t<1 — atfl)hft + dt*1<1 — at)ﬂﬂ(hi? 2 Cl)
1—a (6.5)

ap = 1-— ﬁt, a; = Hai, E(t) = <1 _ at)<1 _ at_l)]:.
i=1

1—a

eg(hi,t,cl) =
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Each backward process starts from a Gaussian noise sample hl. and generates a latent

I, By iteratively sampling from p(h') and p(h'|h<!) with

component h) with condition ¢
| = 2,---L, a complete latent hy = [h},--- ,h] is generated. The final objective is:
Licam = Ea 1| M|, ea(hl, ¢, c')||?], where H denotes all latents, ¢ denotes Gaussian sample
from N(0,I), and A is a constant coefficient. For inference, we first generate h' from
Gaussian noise, then perform a chain of conditional sampling from p(h'[h<!) until we get

the complete latent h used by the LOE to generate new data.

6.4 Experiments

In this section, we begin by introducing the datasets and evaluation criteria. Then, we
provide quantitative and qualitative results to demonstrate the efficacy of our proposed
framework. Next, we highlight the controllability of the INR generation process, enabled
by conditional dependency modeling and hierarchical sampling. Furthermore, we analyze
the latent space and illustrate how data semantics are embedded within INR’s weight
space hierarchically. We show that this structure grants the INR a compositional property
across layers. Finally, we conduct ablation studies to show the importance of conditional

dependency modeling and the functionality of binary conditions.

6.4.1 Details on Experimental Setup

Implementation details. The LOE structure can be configured with the number of
layers L, the number of experts at each layer K, the channel dimension of each expert C,
and the dimension of the latent at each layer H, denoted as a tuple (L, K, C, H). We train
LOEs of (7,384,128,128), (5,256, 64,256), (6,256,64,64), and (5,64,64,64) in CelebA-
HQ [118], ShapeNet [23], SRN-Cars [259], and AMASS [178] datasets, respectively. We
follow mNIF [332] on the data processing protocols for CelebA-HQ, ShapeNet, and SRN-
Cars datasets. Details about the AMASS dataset are provided in Sec. 6.5.3.

Training details. In our experiments, both Stage-1 and Stage-2 are trained and eval-
uated on the CelebA-HQ 642 [115], ShapeNet 643 [23], SRN-Cars [259], and AMASS [175]
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datasets. All experiments are implemented in Pytorch and run on a single Nvidia RTX3090
GPU. For evaluation metrics, we use peak signal-to-noise ratio (PSNR), structural simi-
larity (SSIM) [296], and accuracy to assess Stage-1 reconstruction, and Fréchet inception
distance (FID) [103], coverage, and maximum mean discrepancy (MMD) [1] to evaluate
Stage-2 generation performance. In Stage-1, we train LOEs via meta-learning on CelebA-
HQ, ShapeNet, and AMASS, and with auto-decoding on SRN-Cars. We use a batch size
of 32, an outer learning rate of le—4, an inner learning rate of 1 with 3 steps, and train
the LOE for 800 epochs in the meta-learning setting. For auto-decoding experiments on
SRN-Cars, we use a batch size of 8, a learning rate of le—4, and train the LOE for 1000
epochs. In both settings, we use the AdamW [173] optimizer without weight decay. In
Stage-2, we set the training batch size to be 32, learning rate le—4, and cosine scheduler
with minimum learning rate 0.0. We train the HCDM for 1000 epochs with the AdamW

optimizer.

6.4.2 Quantitative and Qualitative Results

Table 6.1 presents the reconstruction and generation performance of the proposed CHINR
compared with baseline methods on different modalities. Our model outperforms exist-
ing methods on most datasets. In Stage-1, it achieves the highest reconstruction PSNR,
thanks to the expanded representation capacity of LOE and layer-wise latent learning. In
Stage-2, it demonstrates superior generalization, highlighting the effectiveness of hierar-
chical conditional modeling in capturing the diverse data semantics. On CelebA-HQ), our
model achieves the second-lowest FID score, slightly behind mNIF. However, we observe
that mNIF tends to generate images resembling those from the training set. To verify
this, we perform retrieval for 1,000 generated samples and compute the average of their
minimum L2 distance to the training set images. A lower value indicates a higher chance
of “memorizing” the training set. mNIF obtains a value of 6.243 whereas CHINR obtains
15.971, indicating that our model generalizes better by generating new images that differ
more noticeably from the training data. Examples of retrieval results are provided in the
Appendix.

Fig. 6.4 displays uncurated samples generated by our model compared to existing meth-
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Figure 6.4: Uncurated generations for ShapeNet, CelebA-HQ, and SRN-Cars datasets.

ods. With the proposed HCDM, our model generates high-quality samples with rich details.
More results including the AMASS dataset are provided in the Appendix.
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Figure 6.5: Controllable hierarchical generation by progressively fixing the layer-wise la-

tent.

6.4.3 Hierarchical Controllable Generation

In this section, we show the hierarchical controllable generation with conditional sampling.
Since the proposed HCDM successfully models the conditional dependencies of the mod-
ulation latents, we can conduct a chain of conditional samplings to achieve hierarchical
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control over semantics at different granularities in the generated contents. Specifically, to
sample a latent h = [h!,---  h®], we begin by sampling h! with HCDM taking a Gaussian
noise as input. Next, we sample h?, conditioned on the binary vector generated by h'.
This process continues layer by layer until h® is generated, forming a complete latent h.
This layer-wise latent then modulates the LOE to render output such as images, point
clouds, or NeRF renderings. Fig. 6.5 illustrates this hierarchical control on two modalities.
For each modality, we show two samples generated through the full chain of conditional
sampling (h'---h®) in the first column. In the second column, we fix their h! from the
first column and sample the remaining parts (h?---h®). In the third column, we fix both
h' and h? as in the second column and conditionally sample the rest. This progressive

fixation allows us to control the finer details of the generated output.

As shown Fig. 6.5, two different chains of conditional sampling, each starting from a
different initial h', result in highly different data semantics (first column). For the facial
images, when h! is fixed, the generated samples exhibit similar overall contours but different
contents, i.e., facial features, facial orientation, and hairstyles (second column). When h!
and h? are fixed, variations occur primarily in facial details, such as eye shape and hair
color (third column). Fixing the first three parts (fourth column) results in changes limited
to skin tone. Lastly, h® influences global properties like foreground or background color,
as highlighted by the heat maps in the last column. Similarly, for voxels, the hierarchy
control is manifested in category (e.g., chair and plane), object parts (e.g., armrest and

back of the chair), and finer details of specific parts (e.g., structure of the chair back).

This hierarchical control via conditional sampling demonstrates that HCDM effectively
captures conditional dependencies of parameters, aligned with the hierarchy of data se-
mantics. It also offers practical benefits in digital content creation, allowing creators to
fine-tune specific details in their work. Additional examples of controllable generation are

provided in the Appendix.

6.4.4 Analysis

In this section, we unravel the reason behind the success of hierarchical controllable gen-

eration. We show that each layer’s latent modulates disentangled semantics, giving our
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LOE model a compositional property. Moreover, the layer-wise conditional dependency
modeling successfully captures the hierarchy of data semantics, ensuring the composed

semantics are compatible across layers.

Latent Composition

.1'4174'7 .Y .Y .Y

O’

Figure 6.6: Latent composition. The first row presents 9 randomly sampled images from

Stage-2. The second to the fourth rows present the images where the second to the fourth
parts of the first sample’s latent (green boxes) are replaced. The representative examples
are highlighted in red boxes.

We explore the controllability of our method through latent composition and find that
the learned latents are layer-wise compositional. Given two latents hy = [h},--- h], hy =
[hl,---  h3], exchanging a specific part, e.g. h? and h3, results in the corresponding se-
mantic changes in the generated content. As shown in Fig. 6.6, we randomly sample 9
latents from HCDM, trained on CelebA-HQ), and render the images in the first row. These
faces exhibit diverse characteristics including expressions, hairstyles, facial orientations,
skin tones, and background colors. In the second row, we replace the second layer’s la-
tent of the first sample with that of the other 8 samples, while keeping the rest latents
unchanged. It’s clear that the facial orientation, hairstyles, and background colors change

accordingly, while the facial features remain the same. This indicates that the second part
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of the latent encodes these specific semantics disentangled from other semantics, laying the
foundation for the controllable hierarchical generation. In the third row, when the third
layer’s latent is replaced, we observe that only the facial features are swapped, while other
characteristics, such as facial orientation, remain unchanged. In the last row, only skin

tone changes.

It’s important to note that latent composition disrupts the conditional chain, meaning
the newly composed latents may be incompatible across layers, resulting in lower-quality
images. Nevertheless, we conduct latent composition to illustrate how and why our method
works. The results show that the image semantics can be embedded and disentangled in

parameter space, offering a new perspective on image generation.

Layer-wise Hierarchy Analysis

Layer-wise correlation. We perform layer-wise correlation analysis on the latents to
show the necessity of conditional dependency modeling. We compute the cross-layer corre-
lation between latents using Singular Vector Canonical Correlation Analysis (SVCCA) [223],
a metric that measures the correlation between neural network representations. Fig. 6.7 (a)
displays the pairwise correlations between h across layers, trained on Celeba-HQ in Stage-
1, showing the non-negligible correlation between layers. This underscores the importance
of modeling conditional distributions p(h![h<!), rather than independent marginal distri-
butions p(h') in Stage-2. More results on other datasets can be found in the Appendix.

We next show the learned hierarchical structures of latents.

Layer-wise dependency visualization. We visualize the hierarchical dependencies
of latents to better understand how data semantics are encoded in INR’s weight space, as
the latents are mapped to gating vectors that modulate the experts at each layer. Fig. 6.7
(b) and (c) show the conditional distributions of latents from adjacent layers, trained
on CelebA-HQ. Specifically, we apply PCA to the latents and plot their distributions
in grayscale. For example, the Fig. 6.7 (b) shows distributions for layers 1 and 2. We
then run the generation process five times to obtain five sampled latents at each layer, as
depicted in color in the left parts of Fig. 6.7 (b) and (c). Based on the HCDM, we can

plot the resulting conditional distributions of latents at each subsequent layer, represented
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Figure 6.7: Layer-wise hierarchy analysis. (a): correlation between cross-layer latents, ob-
tained on the train-split of CelebA-HQ at Stage-1. (b) and (c): visualization of conditional
distributions across layers. The gray regions show the distribution of latents from Stage-1,

while the colored regions represent the sampled latents from Stage-2.

by colored regions in the right parts. Additionally, we show the final generated images
corresponding to different samples. We can see clear patterns of a hierarchical structure,
which corresponds to the semantic variations at different granularities. For example, the
sampled latents in layer 1 determine the overall contours of the face. When layer 2 is
determined, variations in layer 3 modify the facial expressions while keeping the orientation
fixed. In fact, different layers govern different aspects of the generated data, as we have
seen in the compositional analysis. Furthermore, the latent sampling space at each layer is
constrained by the preceding layers, ensuring compatibility between layers in representing

the data. Therefore, the generated data semantics are hierarchically controllable.

6.4.5 Ablation Studies

Ablation on condition modeling. To demonstrate the importance of conditional depen-
dency modeling for hierarchical controllable generation, we train an unconditional diffusion
model that directly maps noise to layer-wise latents in Stage-2. We then sample p(h') inde-
pendently for l = 1,--- , L to generate the full latents. The resulting images for CelebA-HQ
are shown in Fig. 6.8 (a), while images generated with conditional modeling are shown in
(b) for comparison. Although human faces are recognizable in (a), the noticeable artifacts
highlight that independently sampled layer-wise latents fail to ensure consistent seman-
tic composition across layers. In contrast, conditional modeling successfully achieves this

compatibility.
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(a) Without condition (b) With condition

Figure 6.8: Ablations on conditional modeling.

Ablation on binary condition. We demonstrate that the length of binary conditions
impacts the effectiveness of learning conditional dependencies, as shown in Table 6.2. We
set the binary lengths to 8,12, 15,20 and train the HCDM on different datasets. Initially,
we sample 5000 latents and compute the standard deviation of the first part, denoted as
std;. Since the first part has no conditions and is sampled from noises, it shows high
values irrelevant to the binary lengths. Subsequently, we select 10 random samples from
the first part to use as conditions and get 5000 samples for the second part. Here, the
standard deviation, denoted as stds, decreases as the binary condition length increases,
because longer binary conditions contain more information from preceding layers. Once
the length reaches a certain threshold, the standard deviation approaches zero, turning
the conditional chain into a direct one-to-one mapping, thus diminishing controllability.
However, if the length becomes too small, e.g. 0, all parts will be independent thus losing
conditional dependency. Therefore, we empirically set the length to be 12 for Stage-2

training. We repeat this procedure for other parts and observe similar results.
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Model | MSE/|

mNIF [332] | 0.015
CHINR | 0.011

Table 6.3: Quantitative results on AMASS.

6.5 Additional Experimental Results

6.5.1 Generalizability Analysis Through Retrieval

We use retrieval to compare the generalizability of CHINR and mNIF on the CelebA-HQ
dataset. Specifically, we generate samples and retrieve the closest images from the training
set. As shown in Fig. 6.9, mNIF generates samples that are very similar to the training
images, suggesting a higher chance of “memorization”. In contrast, CHINR demonstrates
better generalization by producing “new” samples that differ more noticeably from the

training data.

6.5.2 More Generated Samples

Fig. 6.10 shows more generated samples on CelebA-Net, ShapeNet, and SRN-Cars datasets.

6.5.3 AMASS Experiments

We apply our proposed CHINR model to the AMASS dataset of 3D human motions.
For each motion sequence, we use 200 frames, with each frame represented by 165 values
corresponding to the locations and rotations of body joints. As a result, each data instance
is formatted as a grid with size 200 x 165. In Stage-1, the LOE is employed to fit the motion

instances. In Stage-2, we set the binary lengths to 8 to avoid memorizing conditions.
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Generated Retrieved from training set

Figure 6.9: Retrieval on CelebA-HQ: mNIF retrieves images closely resembling those from
the training set, while CHINR demonstrates better generalization by producing distinct

new images.
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Figure 6.10: More generated samples of CelebA-HQ, ShapeNet, and SRN-Cars data.
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Figure 6.11: Generated motions with HCDM. each row denotes one sampled data.

Reconstruction and generation results. The reconstruction performance is shown

in Table. ??7. The randomly generated motions are shown in Fig. 6.11.

Semantic-level Interpolation. Since the LOE successfully learns the consistent la-
tent space, we can perform semantic-level interpolation for motions. As shown in Fig. 6.12,
given two fitted sequential motions with LOE, each corresponds to a latent, we can inter-
polate the latent from the start motion (indicated by the red dashed box) to the end
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Figure 6.12: Semantic interpolation for AMASS data. Anchor sequential motions (indi-
cated by the red and green dashed boxes) are first fitted with LOE to obtain latents. Then
semantic-level interpolation is performed by interpolating the latents. The red dashed box

denotes the start motion, and the green dashed box denotes the end motion.

motion (indicated by the green dashed box) linearly with ratio [0.2,0.4,0.6,0.8]. We can
see that the interpolated motions change smoothly from the start to the end. Semantic-

level interpolation can be useful in the gaming industry, and 3D-digital content generation.

6.5.4 Hierarchical Controllable Generation

More examples of hierarchical controllable data generation are presented in Fig 6.13.
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Figure 6.13: More examples of hierarchical controllable generation on CelebA-HQ),
ShapeNet, and SRN-Cars data.

6.5.5 Latent-based Retrieval

We show an application of data retrieval by latents, since they already embed rich semantic
meanings. We first obtain the latents for the target data by fitting it to the LOE through
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Retrival by
all layers

Retrival by
each layer

Figure 6.14: Latent-based retrieval via two approaches: retrieval by all layers and retrieval

by each layer.

a few gradient steps. Once the latents are optimized, they can be used to retrieve similar
data by comparing their latent representations to the searched set, allowing us to search
for semantically similar examples within the latent space. Fig. 6.14 shows this process by
using images from the test-split of CelebA-HQ) as the targets, and train-split images as the
searched set. We demonstrate two approaches for retrieval: (1) using the flattened h for
all layers, and (2) layer-wise retrieval using each layer’s latent h'. As shown in Fig. 6.14,
retrieval by the flattened h will retrieve samples that are broadly similar, while layer-wise
retrieval retrieves samples with specific semantic similarities. For example, h? retrieves
faces with similar orientations, while h3 retrieves faces with similar facial features such as

eye shape and expressions.
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6.6 Additional Analysis

In this section, we provide more analysis of the latent space and the functionalities of
binary conditions.
6.6.1 Latent Space Analysis

Here, we analyze the latent space further, focusing on its interpolation capabilities and

providing additional results of correlation analysis.

Latent Interpolation

To illustrate that our model learns a consistent and metric latent space, following definitions

in [51], we perform latent space interpolation in two ways: complete interpolation, and

layer-wise interpolation.
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Figure 6.15: Latent space interpolation is performed for LoE, with four corner points representing
the anchor examples rendered in stage 1. The intermediary points are generated through the
bilinear interpolation of the latents associated with these four anchors. The interpolation is
evaluated on datasets CelebA-HQ, ShapeNet, and SRN-Cars.

Complete Interpolation is shown in Fig.6.15. Four corners present the signals with

latent generated from Stage-1. The intermediary signals are bilinearly interpolated from
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Figure 6.16: Layerwise interpolation. The red boxes denote the start and the green boxes denote
the end. For the CelebA-HQ, the layers 2 — 4 are interpolated respectively while other layers
are fixed. For the ShapeNet, the layers 1 — 3 are interpolated respectively.

four corners in latent space. The results demonstrate that the learned latent is metric and

consistent with human perception.

Layer-wise Interpolation. Since our LOE embeds semantics hierarchically in differ-
ent parts of the latent, we can interpolate each part to control specific semantics. As shown
in Fig. 6.16, we interpolate the second, third, and fourth parts of the latent associated with
red-boxed signals, with the corresponding parts of the right side latent. For CelebA-HQ
samples, we find that the facial orientation, facial features, and skin tone can be inter-
polated independently. This demonstrates that each part of the latent also constructs a

metric and consistent manifold.

Layer-wise Correlation Analysis

We provide correlation analysis on additional datasets in Fig. 6.17 and Fig. 6.18. This

highlights the significance of conditional modeling in the hierarchical generation process.

6.6.2 Binary condition Analysis

We analyze the clustering of latents and binary conditions on CelebA-HQ dataset, as shown
in Fig. 6.19. Firstly, we use the KMeans algorithm to get 10 clusters of latents, shown as
the dots in the figure. Then we select three anchor latents, generate three binary conditions

with HCDM, and search the nearest binary-corresponded latents. The nearest neighbors
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(a) ShapeNet. (b) SRN-Cars.

Figure 6.17: Correlation between the learned latents across layers, trained on ShapeNet [23]
and SRN-Cars [259]. The non-negligible correlation between adjacent layers (e.g., h' and

h?) reveals the necessity of conditional distribution learning.
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Figure 6.18: Visualization of conditional distributions across layers 3,4, 5. The gray regions
present the distribution of latents from Stage-1, while the colored regions represent the

sampled latents from Stage-2.
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Figure 6.19: Clusters of each part of latent and binary conditions. The dotted plot presents
clusters of each part of latents trained on ClebA-HQ. The gray distribution plot presents
the distribution of each part of latents, and starred scatter plot presents clusters of latents

with similar binary conditions.
are represented by the stars. We can observe that the binary conditions embed the latents’

information and form a consistent binary condition space. This binary condition space

corresponds to the latent space.

149



Chapter 7

Conclusion and Future Work

7.1 Conclusion

This thesis addresses critical challenges in improving monocular depth estimation, novel
view synthesis, and efficient 3D data generation by leveraging perceptual relationships, hu-
man preferences, and hierarchical representations. Fach proposed framework demonstrates
significant advancements in the respective domain, achieving high-quality and efficient 3D
modeling. The methodologies not only advance the state-of-the-art but also provide prac-

tical 3D modeling tools for researchers.

The first work proposes a VRS framework to extract perceptual relationship represen-
tations from 2D images to improve 3D understanding. The extracted relationship repre-
sentations provide global 3D constraints, which indicate the depth relations across objects.
The global 3D constraints solve the problems of existing works, which rely either on low-
level or local semantic features. The framework is able to identify effective relationships
and quantify their contributions. Our methods achieve great performances by evaluating
the framework on different depth estimation data such as KITTI and NYUv2. Further,
any state-of-the-art method can be taken as a plug-in module to be equipped with rela-
tionship understanding, thus improving the accuracy. We also evaluated our method on
zero-shot settings and found that the framework predicts accurate depth even when the

scene is unseen.
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The second work proposes a VRT framework to extract robust relationship represen-
tations to improve NVS. We make the first attempt in NVS community to integrate rela-
tionship understanding, which provides global geometry constraints, thus generating more
accurate 3D modeling. Specifically, the framework can predict the perceptual relation-
ships in novel views, which also contains a correspondence search algorithm to find the
matched pair between predictions and ground-truth. Besides, the method also contains a
presentness prediction module to handle different relationship variations. Three objective
functions are then designed to encourage the accuracy of the predicted relationship, pre-
sentness, and structure consistency. We evaluate the accuracy of relationship prediction on
different view transformations and the results demonstrate it is robust to small and large

view transformation.

The third work applies human perceptual preference to improve novel view synthesis
in a few-shot setting. Since the few-shot training of NeRF introduces different distortions
such as floaters, quality fluctuation, and distant view degradation, we rely on human
perceptual quality to help identify the distorted views and apply it to guide the training of
the NeRF. To solve the problems, we propose a HuPPO framework, which utilizes an IQA
model for candidate selection, a hyper-restoration module to generate positive samples, and
an adversarial generation module to generate adversarial samples. Besides, we propose a
HuPPO loss to formulate the quality score into an objective function. Finally, we adopt
a three-step optimization strategy to train the model. The framework is model-agnostic,
where any NeRF model can be inserted. We compare with different SOTA methods and
achieve better performances. We further demonstrate the proposed framework can alleviate

floaters, distant view degradation, and quality fluctuation.

In the last part, we propose a HCDM framework as an efficient and general representa-
tion to generate 3D data. The hierarchical modeling in the HCDM also enables controllable
generation. Specifically, we propose a two-stage framework. In the first stage, a LOE model
is designed to learn shared features of data by an INR model and learn distinct features
by learning a latent vector. Further, each latent vector is separated into several parts to
align the hierarchy of model architecture and the data semantics. In the second stage, we
design a HCDM to learn the distribution of the collected latent vector. The HCDM can

generate new latent vectors iteratively. The hierarchical modeling also enables controllable
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generation. In the experiment, we demonstrate our method outperforms SOTA methods
on both 2D images, 3D point clouds, and NeRF. We also demonstrate the methods can
control the details of the generated data progressively. Further, by analyzing the informa-
tion embedded in the latent vector, we find that the data semantics are disentangled in
different layers of LOE.

7.2 Future work

Visual relationships define how objects interact or relate in an image or scene. For exam-
ple, “A cat sitting on a chair” describes a spatial relationship. “A person holding a cup”
defines an action-based relationship. Capturing these relationships enhances semantic un-
derstanding and spatial reasoning, which is crucial for 3D modeling and generative Al.

Therefore, we plan to include relationship understanding into different tasks.

1. Image generation with the diffusion model. Diffusion models are powerful in
generating high-quality and realistic images by learning data distributions. However, their
outputs are often unstructured and lack relational context. Incorporating visual relation-
ships can ensure the generated content adheres to logical or semantic rules, improving their
utility in tasks like storytelling, scene synthesis, or AR/VR applications. The integration
can be implemented in three ways: (a) Relationship-Aware Conditioning. We can adopt
relationship annotations (e.g., Scene Graphs) as part of the conditional input. So to ex-
tend text-to-image pipelines to accept structured prompts, like ”A dog under a tree; the
tree next to a lake”. (b) Multi-Modal Embedding Fusion. We can fuse embeddings from
visual relationship datasets (like Visual Genome) with learned embeddings from text or
vision-language models (e.g., CLIP), which ensures diffusion steps maintain these relational
constraints. (c¢) Loss Functions for Relational Consistency. We can add a loss term during
training to penalize outputs that deviate from specified relationships (e.g., an object that

violates spatial or functional rules).

2. 3D modeling with Gaussian Splatting. Gaussian splatting represents 3D scenes
using point clouds and Gaussian distributions. It focuses on rendering efficiency and real-

ism in 3D scenes. Embedding visual relationships could improve scene coherence, enabling
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relationally aware 3D reconstructions, interactive experiences, or training virtual agents.
We can integrate visual relationships into Gaussian Splatting in three ways: (a) Scene
Graph Integration. We can use scene graphs to initialize point clouds, with object inter-
actions driving Gaussian placements and densities. For instance, spatial relationships like
“on top of,” "behind,” or "next to” guide point alignment in 3D space. (b) Relational
Priors for Splatting. We can incorporate relational priors into splatting by encoding con-
straints into the neural rendering process. For example, adjust Gaussian parameters (e.g.,
orientation, scale) to align with expected object relationships. (¢) Learning Relationships
in 3D. We can train Gaussian splatting models using datasets annotated with 3D spatial

relationships.

3. Object Searching in Complex Scenes. Understanding perceptual relationships
can benefit the robotics field in areas such as object searching, scene understanding, and
planning. For instance, knowing the 3D information derived from perceptual relationships
enables robots to efficiently locate desired objects. The integration can be implemented
in two ways: (a) We can represent environments as graphs where nodes are objects and
edges are relationships (e.g., "chair under table”). So we can use these graphs to predict
object locations based on relationships observed in prior experiences. (b) Use pre-trained
vision-language models (e.g., CLIP) to match object descriptions to observed relationships

in the environment.

4. Medical Imaging. Perceptual relationships in medical imaging play a vital role in
improving the accuracy and efficiency of disease diagnosis. These relationships help analyze
not just individual features in an image, but also how these features interact spatially and
temporally within anatomical structures. This contextual understanding enhances diag-
nostic precision, facilitates automated systems, and aids in the early detection of complex
diseases. Specifically, we can apply relationships in different tasks: (a) Tumor Detection
and Localization. We can use deep learning models to analyze relationships at both the
macro (organ-level) and micro (cell-level) scales. Then represent anatomical structures as
graphs where nodes represent organs or features and edges capture spatial relationships.
With the representations, it can train networks that incorporate surrounding tissue con-
text into tumor classification and segmentation tasks. (b) Diagnosing Lung Diseases. We

can embed priors about typical spatial relationships (e.g., ”consolidation appears in the
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lower lobes in pneumonia”). Then we can use clustering to identify abnormal patterns
in the distribution of nodules or infiltrates in lung scans. (c¢) Neurological Disorders. We
can represent the brain’s regions as nodes and their functional or structural relationships
as edges, then use time-series MRI data to monitor changes in brain structure over time.
Therefore, we can detect regional thinning in specific brain areas and their relation to
disease progression.

5. Large multi-modal Foundation Models. Enhancing relationship understand-
ing can also benefit large multi-modal foundation models. For example, In large vision-
language models, accurately identifying relationships improves the model’s ability to in-
terpret questions and respond with greater accuracy and supporting evidence. In large
language models, understanding relationships ensures that LLMs cite evidence from rele-

vant contexts, improving transparency and trustworthiness.

6. Fine-grain Relationships in 3D Modeling. The granularity of relationships,
whether coarse or fine-grain, is central to improving 3D understanding. Coarse relation-
ships, such as “the chair is near the table,” provide high-level spatial information that
defines general layouts, creating a foundation for 3D scene reconstruction. Fine-grain
relationships, on the other hand, include intricate details like “the chair is slightly an-
gled toward the table,” which refine object placement and add semantic depth to the
understanding of interactions within the scene. To utilize these relationships in 3D under-
standing, we can integrate the parsed scene graphs with geometric data to align spatial
relationships with the physical structure of the scene. Coarse relationships provide the
general structure for arranging objects, ensuring they are placed in approximately correct
locations relative to each other. Fine-grain relationships then enhance the precision of
these placements, guiding adjustments in scale, rotation, or orientation to match nuanced
constraints. For example, “the vase centered on the table” not only places the vase on the

table but also ensures alignment with the table’s geometric center.
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