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Abstract

With the popularity of Virtual Reality (VR), Augmented Reality (AR),
and other 3D applications, developing methods that let everyday users
capture and create their own 3D content has become increasingly essen-
tial. Current 3D creation pipelines, however, often require tedious man-
ual effort or specialized capture setups. Furthermore, resulting assets
frequently suffer from baked-in lighting, inconsistent representations,
and a lack of physical plausibility, limiting their use in downstream
applications.

This dissertation addresses these challenges by developing methods
that leverage data-driven priors to significantly lower the barrier for 3D
content creation. By utilizing information from other modalities, large
datasets, and pre-trained generative models, the work presented here
reduces the burden on user input to casually captured photos, simple
sketches, and text prompts.

We first show how depth priors can enable users to digitalize 3D scenes
without dense data capture, and discuss how to enable interactive 3D
editing and generation through 2D user inputs such as sketches. We
then propose an end-to-end text-to-3D generation pipeline that gener-
ates both the geometry and texture of 3D assets. For geometry gener-
ation, we propose an octree-based adaptive tokenization scheme that
allocates representational capacity based on shape complexity, enabling
higher-fidelity and more efficient reconstruction and generation of 3D
shapes. Moreover, we address appearance modeling by utilizing data
and diffusion model priors to generate relightable textures on meshes
using text input, ensuring that generated 3D objects are functional in
downstream production workflows. Finally, to ground digital designs
in reality, we introduce BrickGPT, which incorporates manufacturing
and physics constraints to generate physically stable and buildable toy
brick structures from text prompts.

Collectively, these contributions bridge the gap between high-level user
intent and the creation of editable, functional, and physically realizable
3D content by addressing the core challenges in geometry representa-
tion, appearance modeling, and physics-aware generation.

111



iv



Acknowledgments

I would like to express my deepest gratitude to all those who have
supported me throughout my PhD journey. This thesis would not have
been possible without their invaluable contributions, guidance, and
encouragement.

First and foremost, I extend my sincere appreciation to my advisors,
Deva and Jun-Yan. I still remember the summer of 2019 when I was
doing a research internship in Deva’s lab as an undergraduate student.
From that summer, I learned a great deal from Deva, but most impor-
tantly, I learned to enjoy doing research. I will always recall the genuine
happiness we shared when discussing new insights. Deva, thank you
for showing me that research can be so fascinating!

Even before I knew anything about research, I had heard of Jun-Yan’s
name through his well-known work. He has always been a role model
as a brilliant junior faculty with both intellect and diligence. I'm grateful
that he taught me to keep polishing every detail of my work. Beyond
being an insightful advisor, he is also a close friend in life. He remem-
bers everyone’s birthday and orders cake for our lab. In addition to
his thoughtful comments on research, his curated list of restaurants in
Pittsburgh is another treasure to me.

I feel extremely fortunate to have worked with these two great advisors
throughout my PhD.

I am grateful to my committee members, Shubham, Noah, and Maneesh,
for their invaluable insights and challenging questions that strength-
ened this work. I also thank the other mentors I have had the great
fortune of working with: Aayush Bansal, Tinghui Zhou, and Kiran Bhat,
among others. They have guided me at various stages of my academic

journey.

I'm also thankful to my wonderful collaborators: Tianyi Fei, Andrew
Liu, Gengshan Yang, Andrew Song, Ruihan Gao, Ruixuan Liu, Yehonathan
Litman, Timothy Omernick, Alexander Weiss, Yiheng Zhu, Hsueh-Ti
Derek Liu, Xiaoxia Sun, Chong Shang, and Ava Pun, among others. 1
have learned tremendously from working with each of them.

My heartfelt thanks go to my colleagues and friends at Carnegie Mellon
University for making Pittsburgh and Smith Hall feel like home: Sheng-



vi

Yu Wang, Nupur Kumari, Gaurav Parmar, Ruihan Gao, Muyang Li,
George Cazenavetteorge, Andrew Song, Beijia Lu, Maxwell Jones, Ava
Pun, Sean Liu, Mia Tang, Bingliang Zhang, Daohan Lu, Gengshan Yang,
Jeff Tan, Zhiqiu Lin, Tarasha Khurana, Martin Li, Neehar Peri, Jonathon
Luiten, Haithem Turki, Aayush Bansal, Yufei Ye, Donglai Xiang among
many others. Their friendship and support have made this journey
truly memorable.

I extend my thanks to my undergraduate advisors and mentors, Xin
Huang, Yuxin Peng, and Jiaying Liu, who provided opportunities to
work on exciting projects and first stimulated my interest in research.

I would also like to acknowledge the financial support provided by
Microsoft Research PhD Fellowship, without which this research would
not have been feasible.

Finally, and most importantly, I am eternally grateful to my family —
my parents, my grandparents, and my wife, Yue — for their endless
love, patience, understanding, and unwavering belief in me. Their
encouragement has always been my constant source of strength and
inspiration.



Contents

1 Introduction

1.1 Background . ......... ... ... ... .
1.2 Challenges . . . .. ... ... ... ...
1.3 Dissertation Overview . . . . . . . . . . . e
14 OtherResearch. . . . . . . . . .. . . .. . .. . . ..

I Sparse-view 3D Reconstruction

2 Depth-supervised NeRF: Fewer Views and Faster Training for Free
2.1 Introduction . . . ... ... ...

22 RelatedWork. . . . .. ... ... .. o
2.3 Depth-Supervised Ray Termination . . . . .. ... ... ... ...
2.3.1 Volumetric rendering revisited . . . .. ... ... ... ...
2.3.2 Deriving depth-supervision . . . . ... ... .........
24 Experiments . . . . .. ... ...
241 Datasets . ... ... ... ... o000
242 Comparisons . . . . . ... .. ..o
243 Few-inputviewsynthesis . ... ... .......... ...
244 Deptherror . ... ... ... .. ... ... ... ...
245 Analysis ... ... L
25 Discussion. . . . . ...

II 3D Asset Generation

3 3D-aware Conditional Image Synthesis

3.1 Introduction . . .. .. .. .. . . .. ...
32 RelatedWork . . . . . . . . ... e
33 Method . . . . .. . . . . .
3.3.1 Conditional 3D Generative Models . . . . . .. ... ... ..
3.3.2 Learning Objective . . . . ... ... ..............
34 Experiment. . ... ... ... .. ... ...
3.4.1 Evaluationmetrics . .. ... .. ... .. .. ... ... ...

N O N = =

11
11
14
15
15
17
18
20
21
23
25
25
26

27

29
29
31
33
33
36
39
41

Vil



viii

3.4.2 Baselinecomparison . .. ... ... ... ... ... 43
3.4.3 Applications . . . . ... .. 45
3.5 DISCUSSION . . . . . . 47

Ef cient Autoregressive Shape Generation via Octree-Based Adaptive

Tokenization 49
4.1 Introduction . . . . . . . .. 49
42 RelatedWork. . . . . . . . . 51
4.3 Method . . . . . . . e 54
4.3.1 Complexity-Driven Octree Construction . . . . . .. ... .. 55
4.3.2 Adaptive shape tokenization with OAT . . ... ... .. .. 57
4.3.3 OctreeGPT: Autoregressive Shape Generation . . . . .. .. 60
4.4 EXperiments . . . . . . . ... e 61
4.4.1 ShapeReconstruction. . . ... ... ... ... ... ..... 62
442 ShapeGeneration . . . . . . .. .. ... 64
45 DISCUSSION . . . . . . . e e 65
Fast Relightable Mesh Texturing with LightControlNet 69
5.1 Introduction . . . .. ... .. ... 69
52 RelatedWork. . . . . . .. . . ... 71
5.3 Preliminaries . . . . . . . . 74
54 Method . . . . . . . . . e 75
5.4.1 LightControlNet. . . . . .. ... ... ... ... ... .... 76
5.4.2 Stage 1: Multi-view Visual Prompting . . . .. .. ... ... 77
5.4.3 Stage 2: Texture Optimization . . . . .. .. ... ....... 79
55 Experiments . . . . . ... 81
5.6 DISCUSSION . . . . . . . .. e e 88
Physical Asset Generation 89
Generating Physically Stable and Buildable Brick Structures from Text 91
6.1 Introduction . . . . . .. . . . . ... 92
6.2 RelatedWork. . . . . . . . ... . . 94
6.3 Dataset . . . . . . . . . e 96
6.4 Method . . . ... .. . . . . .. 98
6.4.1 Model Fine-tuning . . ... ... ... ... ......... 99
6.4.2 Integrating Physical Stability . . . . ... ... ... ... .. 100
6.4.3 Brick Texturingand Coloring . . . . .. ... ... ...... 103
6.5 Experiments . . . . . . . . ... 106
6.5.1 ImplementationDetails . ... ................. 106



6.5.2 Brick Structure GenerationResults . . . . . ... ... .. ..
6.5.3 Extensions and Applications . . . .. ... ... oL

6.6 DISCUSSION . . . . . . . e

7 Conclusions 111
7.1 DISCUSSION . . . . . . e,

7.2 Future Work . . . . . . .,

Bibliography 115

When this dissertation is viewed as a PDF, the page header is a link to this Table of Contents.



List of Figures

1.1 Two ways of creating 3D content. (a) 3D Digitization captures
real-world environments through photogrammetry or 3D scanning,
requiring dense camera views or specialized equipment setups to
achieve high- delity results. (b) 3D Modeling involves artists us-
ing professional software to handcraft virtual content from scratch,
including both geometry and texture creation. Both approaches
require specialized expertise and remain inaccessible to everyday
USEIS. o v vt i e e e e e e e e

1.2 Dissertation Overview. This dissertation is organized in three parts:
(a) Sparse-view 3D Reconstruction (Part I) enables high-quality 3D
scene reconstruction from as few as two casually captured photos.
(b)(c) 3D Asset Generation (Part Il) creates 3D content from intuitive
inputs: generating editable 3D objects from 2D segmentation maps
or sketches for category-speci ¢ generation (Chapter 3), and diverse
3D asset creation from text descriptions (Chapters 4 and 5). (d)
Physical Asset Generation (Part Ill) extends beyond virtual assets
to generate physically stable and buildable brick structures from
text prompts, providing step-by-step construction sequences for
real-world implementation. . . . ... ... ... .. ... ... ...

2.1 Training NeRFs can be dif cult when given insuf cient input images.
We utilize additional supervision from depth recovered from 3D
point clouds estimated from running structure-from-motion and
impose a loss to ensure the rendered ray's termination distribution
respects the surface priors given by the each keypoint. Because our
supervision is complementary to NeRF, it can be combined with any
such approach to reduce over tting and speed up training. . . . . . 12



2.2

2.3

2.4

2.5

2.6

2.7

Few view NeRF. NeRF is susceptible to over tting when given few
training views. As seen by the PSNR gap between train and test
renders (left), NeRF has over t and fails at synthesizing novel views.
Further, the depth map (right) and depth error (middle) for NeRF
suggest that its density function has failed to extract the surface
geometry and can only reconstruct the training views' colors. Our
depth-supervised NeRF model is able to render plausible geometry
with consistently lower deptherrors. . . . . . ... ... ... ...,

Ray Termination Distribution.  (a) We plot various NeRF compo-
nents over the distance traveled by the ray. Even if a ray traverses
through multiple objects (as indicated by the multiple peaks of den-
sity s(t)), we nd that the ray termination distribution  h(t) is still
unimodal. We nd that NeRF models trained with suf cient super-
vision tend to have peaky, unimodal ray termination distributions
as seen by the decreasing variance with more views in (c). We posit
that the ideal ray termination distribution approaches a dimpulse

function. . . . . . . e

View Synthesis on DTU and Redwood. PixelNeRF, which is pre-
trained on DTU, performs the best when given 3-views, although
we nd DS-NeRF to be visually competitive when more views are
available. On Redwood, DS-NeRF is the only baseline to perform
well on the 2-views setting. . . . . .. ... ... ... ........

Qualitative Comparison on NeRF Real. We render novel views and
depth for various NeRF models trained on 2, 5, and 10 views. We
nd that methods trained with DTU struggle on NeRF Real while
methods that use depth-supervision are able to render test views
with realistic depth maps, even when only 2 views are provided.
Please refer to Table 2.1 for quantitative comparisons. . . . . . . ..

Depth Supervision Ablations.  We render novel views for NeRF
and DS-NeRF trained on 2 views and 5 views. NeRF fails to render
novel views as evident by the many artifacts. Using MSE between
rendered and sparse depth improves results slightly, but with KL

Divergence, DS-NeRF is able to render images with the fewest artifacts.

Faster Training. We train DS-NeRF and NeRF under identical condi-
tions and observe that DS-NeRF is able to reach NeRF's peak PSNR
quality in a fraction of the number of iterations across. For 2 views,
we nd that NeRF is unable to match DS-NeRF's performance. . . .

13

20

21

22

22

Xi



Xii

3.1

3.2

3.3

3.4

3.5

3.6

Given a 2D label map as input, such as a segmentation or edge map,
our model learns to predict high-quality 3D labels, geometry, and
appearance, which enables us to render both labels and RGB images
from different viewpoints. The inferred 3D labels further allow
interactive editing of label maps from any viewpoint, as shown in
Figure 3.10. . . . . . . . . e

Overall pipeline. Given a 2D label map (e.g., segmentation map), a
random latent code z, and a camera poseP as inputs, our generator
renders the label map and image from viewpoint P. Intuitively, the
input label map speci es the geometric structure, while the latent
code captures the appearance, such as hair color. We begin with
an encoder that encodes both the input label map and the latent
code into style vectors w*. We then usew* to modulate our 3D
representation, which takes a spatial point x and outputs (1) color
c 2 RS, (2) density s, (3) featuref 2 R', and (4) label s 2 R€. We
then perform volumetric rendering and 2D upsampling to get the
high-res label map i and RGB Imagel} . For those rendered from
ground-truth poses, we compare them to ground-truth labels and
images with an LPIPS loss and label reconstruction loss. We apply
a GAN loss on labels and images rendered from both novel and
original viewpoints. . . . . .. ... L L

Cross-View Consistency Loss. Given an input label map |s and its
associated poseP, we rstinfer the geometry latent code wg. From
Wg, We can generate a label mapl s from the same pose P, and fg
from a random pose P% Next, we infer w from the novel view 12,

and render it back to the original pose P to obtain fg@ Finally, we
add a reconstruction loss: Leve = 1 ovels(1g). ... ... .. ..

Qualitative Comparison with Pix2NeRF [ 13], SoFGAN [ 2(], and
SEAN [ 298 on CelebAMask dataset for seg2face task. SEAN fails
in multi-view synthesis, while SOFGAN suffers from multi-view
inconsistency (e.g., face identity changes across viewpoints). Our
method renders high-quality images while maintaining multi-view
CONSISTENCY. . . . . . . o e e e e e e

Qualitative ablation on seg2face and seg2cat. We ablate our method
by removing the branch that renders label maps (w/o 3D Labels Our
results better align with input labels (e.g., hairlines and the cat's ear).

Results on edge2cat. Our model is trained on AFHQ-cat [ 34] with

edges extracted by pidinet [213]. . . . ... .. ... ... ... ...



3.7 Qualitative comparisons on edge2car. pix2pix3D (Ours) and Pix2NeRF [13]
are trained on shapenet-car [19], and pix2pix3D achieves better qual-

ity and alignmentthan Pix2NeRF. . . . . . . ... .. .. ... .... 42
3.8 Semantic Mesh. We show semantic meshes of human and cat faces
from marching cubes coloredby 3D labels. . . . .. ... ... ... 44

3.9 We study the effect of random pose sampling probability p during
training. Without random poses ( p = 0), the model achieves the best
alignment with input semantic maps, with reduced image quality.

In contrast, only using random poses (p = 1) achieves the best image
guality, while results fail to align with input maps. We nd p= 0.5
balances the image quality and input alignment. . . . . .. .. ... 45

3.10 Cross-view Editing of Edge2Car. Our 3D editing system allows
users to edit label maps from any viewpoint instead of only the input
view. Importantly, our feed-forward encoder allows fast inference of
the latent code without GAN-inversion. Typically, a single forward
pass of rendering takes only 40 ms on a single RTX A5000, which
enables interactive editing. Please check our demo video on our
WeDSIte. . . . . e 45

3.11 Multi-modal Synthesis. The leftmost column is the input segmen-
tation map. We use the same segmentation map for each row. We
generate multi-modal results by randomly sampling an appearance
styleforeachcolumn. . .. ... ... ... .. .. .......... 46

3.12 Interpolation. In each 5 5 grid, the images at the top left and
bottom right are generated from the input maps next to them. Each
row interpolates two images in label space, while each column inter-
polates the appearance. For camera poses, we interpolate the pitch
along the row and the yaw along the column. . . . . ... ... .. 48

4.1 We propose an Octree-based Adaptive shape Tokenization (OAT)
that dynamically allocates tokens based on shape complexity. Our
approach achievesbetterreconstruction quality with fewertokens on
average (439 compared to 512 on the full test set) by intelligently
distributing more tokens to complex shapes while saving on simpler
ONEBS. . . o e e 50
4.2 Traditional octree construction subdivides each octant based on
whether the octant contains any mesh element. This construction
always subdivides to the maximum depth (set to 6 in this example),
leading to a similar amount of nodes for simple (top) and complex
(middle) shapes. In contrast, our approach terminates subdivision
when the local geometry is simple (e.g., a plane), leading to an
adaptive octree that better re ects the shape complexity. . . . . .. 52
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(a) Adaptive Shape Tokenization. Given an input mesh with sur-
face point samples, we partition 3D space into a sparse octree that
adapts to the local geometric complexity of the surface. We then use
a Perceiver-based transformer [77] to encode the shape into a tree of
latent codes, where a child node need encode only the (quantized)
residual latent relative to its parent [ 100. Latents can then be de-
coded into an occupancy eld from which a mesh can be extracted.
(b) Autoregressive Shape Generation. We de ne an autoregressive
model for generating a tree of quantized shape tokens given a tex-
tual prompt, following a coarse-to- ne breadth- rst search traversal.
Similar to variable-length generation of text via end-of-sentence to-
kens, we make use of structural tokens to generate variable-size tree
StrUCTUresS. . . . . . . . . e e e
We plot reconstruction quality (loU) against latent size in both dis-
crete (left) and continuous (right) scenarios. We use KiloBytes (KB)
for continuous latent representations for a fair comparison. Our
method consistently outperforms baseline approaches at equivalent
latent sizes and achieves comparable reconstruction quality with
much smaller latent representations. . . . . ... ... ... .....
Shape reconstruction with discrete latent. We compare our full
method against Craftsman-VQ [ 106 as well as an ablation with-
out Adaptive Subdivision (A.S.). With comparable or lower token
budget, our method generally outperforms the baseline regarding
reconstruction delity. Meanwhile, without adaptive subdivision,
the vanilla octree only allocates the token budget ef ciently for ob-
jects of small volume (bottom) but wastes tokens on geometrically
simple objects that occupy large space (middle). . .. ... .. ...
Shape reconstruction with continuous latent.  We include the visual
comparison between our continuous VAE (OAT-KL) and other base-
lines. In general, our reconstruction preserves more details using
similar or smaller number of latentvectors. . . . . .. ... ... ..
Ablation study on token length.  With an increasing number of
tokens, our method achieves better quality while consistently out-
performing the baseline at a comparable token length. . . . . . . ..
Shape Generation Results. We compare OctreeGPT with a GPT
baseline trained on Craftsman-VQVAE (Section 4.4.1), text-to-3D
model XCube [18§, and image-to-3D methods InstantMesh [ 267
and Craftsman [106. Our results have smoother surfaces, ner
details, and fewer artifacts than baselines. For image-conditioned
methods, we use FLUX.1 [96] to generate condition images from
inputtext. . . . . . . . e



5.1 We propose an ef cient approach for texturing an input 3D mesh
given a user-provided text prompt. Our generated texture can be
relit properly in different lighting environments. The light probe
shows the varied lighting environment. We suggest the readers
check our video results of rotating lighting in our supplementary
material. . . . ... 71

5.2 Given a 3D mesh of a helmet (a) and a lighting environment L, the
reference rendering (b) depicts the “correct” highlights on the mesh
due to L, by treating its surface re ectance as half-metal and half-
smooth with a gray diffuse color. (c) The texture generated by the
leading method Fantasia3D [24] is not properly relit as Fantasia3D
bakes most of the lighting into the diffuse texture for the mesh and
does not capture the bright highlights in the specular texture. (d)
In contrast, our pipeline disentangles lighting from material, better
capturing the diffuse and specular components of the metal helmet
in this environment. Text prompt: “A medieval steel helmet.” . . . 72

5.3 Our Text-to-Texture pipeline. Our method ef ciently synthesizes re-
lightable textures given an input 3D mesh and text prompt. In stage
1 (top left), we use multi-view visual prompting  with our LightCon-
troINet model to generate four visually consistent canonical views
of the mesh under xed lighting, concatenated into a reference im-
age l,ef. In stage 2 we apply a new texture optimization procedure
using |t as guidance along with a multi-resolution hash-grid repre-
sentation of the texture G(b( )). For each optimization iteration, we
render two batches of images using G(b( )) —one using the canonical
views and lighting of |s to compute a reconstruction loss L recon and
the other using randomly sampled views and lighting to compute
an SDS lossL gspgbased on LightControlNet. . . . . . ... ... .. 73

5.4 (a) LightControlNet requires a conditioning image that speci es de-
sired lighting L for a view C of a 3D mesh. To form the conditioning
image, we rst render the mesh with the desired L and C using
three different materials: (1) non-metal, not smooth, (2) half-metal,
half-smooth, and (3) pure metal, smooth, and then combine the
renderings into a single three-channel image. (b) LightControlNet
is a diffusion model that is conditional on such light conditioning
images aswellastextprompts. . . ... .. ... ... ........ 76
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5.7

6.1

Multi-view visual prompting. (a) When we independently input

four canonical conditioning images to LightControlNet, it generates

four very different appearances and styles even with a xed random

seed. (b) When we concatenate the four images into a2 2 grid and

pass them as a single image into LightControlNet, it produces a far

more consistent appearance and style. Text prompt: “A hiking boot”. 78

Sample results from our method applied to Objaverse test meshes

(top half) and 3D game assets (bottom half). To illustrate the ef cacy

of our relightable textures, for each textured mesh, we x the envi-
ronment lighting and render the mesh under different rotations. As

shown above, our method is able to generate textures that are not

only highly detailed, but also relightable with realistic lighting effects. 82

Qualitative analysis. (a) We compare our method with Fantasia3D
[24] that also attempts to generate Physically Based Rendering (PBR)
texture. However, unlike ours, their results often exhibit baked-in
lighting, leading to artifacts when put into varied lighting environ-
ments. (b) We also compare our method with other baselines that
can only generate non-relightable (RGB) texture. For non-relightable
texture generation, we can replace our LightControlNet with depth
ControlNet and generate RGB textures with a shorter runtime. More

detailsarein Table 5.1. . . . . . . . . . . . .. . . ... 84

Overview of BRICK GPT. (a) Our method generates physically sta-
ble interconnecting brick assembly structures from text descriptions
through an end-to-end approach, showing intermediate brick-by-
brick steps. (b) The generated designs are buildable both by hand
and by automated robotic assembly. (c) We show example results
with corresponding text prompts. Besides basic brick designs (top),
our method can generate colored brick models (bottom right) and
textured models (bottom left) with appearance descriptions. We
highly recommend the reader to check our website for step-by-step

VIDEOS. . . . 92
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StableText2Brick Dataset. (a) From a ShapeNetCore [L9] mesh,
we generate a brick structure by voxelizing itontoa 20 20 20
grid, then constructing its brick layout with a delete-and-rebuild
algorithm. (b) We augment each shape with multiple structural vari-
ations by randomizing the brick layout while preserving the overall
shape. (c) Stability analysis [119 is performed on each variation to
Iter out physically unstable designs. (d) To obtain captions for each
shape, we render the brick structure from 24 different viewpoints
and use GPT-40 ] to generate detailed geometric descriptions. (e)
Data samples from 5 categories in our StableText2Brick dataset.
Method. (a) Our system tokenizes a brick structure into a sequence
of text tokens, ordered in a raster-scan manner from bottom to top.
(b) We create an instruction dataset pairing brick sequences with de-
scriptions to ne-tune LLaMA-3.2-Instruct-1B. (c) At inference time,
BRICKGPT generates brick structures incrementally by predicting
one brick at a time given a text prompt. For each generated brick,
we perform validity checks to ensure it is well-formatted, exists in
our brick library, and does not collide with existing bricks. After
completing the design, we verify its physical stability. If the structure

is unstable, we roll back to a stable state by removing all unstable
bricks and their subsequent bricks, and resume generation from that

POINL. . . . . e

Force Model. (a) We consider all forces exerted on a single brick, in-
cluding gravity (black), vertical forces with the top brick (red/blue)
and bottom brick (green/purple), and horizontal (shear) forces due
to knob connections (cyan), and adjacent bricks (yellow). (b) The
structural force model F extends the individual force model to mul-
tiple bricks. Solving for static equilibrium in  F determines each
brick's stability score. . . . . . .. ... ... .. L
Result gallery and baseline comparisons. Our method gener-
ates high-quality, diverse, and novel brick structures aligned with
the given text prompts. Black bricks are colliding. For LLaMA-
Mesh [250, LGM [ 223, XCube [18§, and Hunyuan3D-2 [ 289, an
inset of the generated mesh is shown in the top-left corner. . . . . .
Ablation study.  Brick-by-brick rejection sampling and physics-
informed rollback help to ensure that the generated structure is both
valid and stable. Black indicates colliding bricks. . . . . . . ... ..
Brick Texture and Color Generation. Our method can generate
diverse textured (top two rows) and colored (bottom) brick struc-
tures based on the same shape while using different appearance text
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3.1 Segz2face Evaluation. Our metrics include image quality (FID, KID,
SG Diversity), alignment (mloU and acc against GT label maps), and
multi-view consistency (FVV ldentity). Single-generation diversity
(SG Diversity) is obtained by computing the LPIPS metric between
randomly generated pairs given a single conditional input. To eval-
uate alignment, we compare the generated label maps against the
ground truth in terms of mloU and pixel accuracy (acc). Alterna-
tively, given a generated image, one could estimate label maps via a
face parser, and compare those against the ground truth (numbers in
parentheses). We include SEAN [298 and SoFGAN [ 20] as baselines,
and modify Pix2NeRF [ 13] to take conditional input. Our method
achieves the best quality, alignment ACC, and FVV Identity while
being competitive on SG Diversity. SOFGAN tends to have better
alignment but worse 3D consistency. We also ablate our method
w.r.t the 3D labels and the cross-view consistency (CVC) loss. Our
3D labels are crucial for alignment, while the CVC loss improves
multi-view consistency. Using pretrained models from EG3D ( )
also improves the performance. . . . . . .. .. ... ... ... ...

3.2 Edge2car Evaluation. We compare our method with Pix2NeRF [ 13]
on edge2car using the shapenet-car L9 dataset. Similar to Table 3.1,
we evaluate FID, KID, and SG Diversity for image quality. We also
evaluate the alignment with the input edge map using AP. Similarly,
we can either run informative drawing [ 16] on generated images to
obtain edge maps (numbers in parentheses) or directly use generated
edge maps to calculate the metrics. We achieve better image quality
and alignment than Pix2NeRF. We also nd that using 3D labels and
cross-view consistency loss is helpful regarding FID and AP metrics.

3.3 SegZ2cat Evaluation. We compare our method with Pix2NeRF [ 13] on
Seg2Cat using AFHQ-cat dataset [34], with segmentation obtained
by clustering DINO features [ 3]. Similar to Table 3.1, we evaluate
the image quality and alignment. Ours performs better in all metrics.

3.4 SegZ2car Evaluation. We compare our method with Pix2NeRF [ 13].
Ours performs better inall metrics. . . . ... ... ..........

4.1 Quantitative analysis of shape reconstruction with discrete latent.
We compare our method against Craftsman-VQ [ 106 and ablation
without Adaptive Subdivision (A.S.). With comparable token counts,
our approach outperforms both baselines, showing the effectiveness
of our proposed adaptive tokenization. . . . . ... ... ... ....
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Quantitative analysis of shape reconstruction with continuous

latent. We replace the quantization with a KL regularization to

learn continuous latent (OAT-KL) as mentioned in Section 4.3.2. Our
method outperforms all the baselines with comparable or shorter

latent code lengths. T indicates off-the-shelf models that are pre-
trained on different data sources thanours. . . . . .. .. ... ... 67

Quantitative analysis of shape generation. We compare OctreeGPT

with a GPT baseline trained on Craftsman-VQVAE (Section 4.4.1),
text-to-3D model XCube [ 18§, and image-to-3D methods InstantMesh [ 262
and Craftsman [106. We compute FID [63], KID [ 10], and CLIP-

score on the renderings of generated shapes, and report the average
generation time. Our method outperforms all the baselines, show-

ing higher quality and better consistency with the input text while
achieving the fastest runtime due to our ef cient tokenization. . . . 67

Quantitative Evaluation. We test our methods and baselines on
70 test objects from Objaverse B7] and 22 objects curated from 3D
game assets. With depth ControlNet, our method yields superior
results to all baselines while being three times as fast as the fastest
baseline. Using LightControlNet (Ours) within our model improves
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quality. . . . . . e e 85

User study. We conduct a user preference study to evaluate (1) result
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over all baselinesintheserespects. . . ... ... ........... 86

Ablation study on algorithmic components.  We analyze the role

of our distilled encoder (1st row) and multi-view visual prompt-

ing (2nd row). Replacing the distilled encoder with the original
VQ-VAE encoder doubles the running time without a noticeable
improvement. When removing the multi-view visual prompting for

initial generation, the system requires 2,000 iterations (5x compared

to our 400 iterations) to produce reasonable results, which produces
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6.1

Ablation study on the number of canonical views. We analyze

the role of our canonical view selection in Section 5.4.2. Relying

on only the left and right views provides insuf cient supervision.
Interestingly, adding top and bottom views leads to worse overall

quality. This is likely due to the limitation of pre-trained 2D diffusion

models in synthesizing top and bottom views well for a variety of
objects. Furthermore, given the xed resolution of the multi-view

Image, stacking more views would result in a lower resolution for

each view, leading to a worse initialization for Stage 2. . . . . . . .. 87

Quantitative Analysis. We evaluate our method against several
baselines on validity (no out-of-library, out-of-bounds, or colliding
bricks), stability, CLIP-based text similarity, and DINOv2-based
image similarity. Stability, CLIP, and DINO are computed over valid
structures only. For LLaMA-Mesh [ 250, validity requires a well-
formed OBJ le. Our method outperforms all baselines as well as the
ablated setups on validity and stability using our proposed rejection
sampling and rollback, while maintaining high text similarity. . . . 103



Chapter 1

Introduction

1.1 Background

The ability to capture, create, and interact with 3D content is fundamental to the
future of digital experiences. From the immersive environments in modern video
games and cinematic productions to the expansive virtual worlds of the meta-
verse [155, the demand for high- delity 3D content has never been greater. These
technologies promise to bene t elds ranging from entertainment to engineering
and robotics, enabling more realistic simulations and creative expressions.

However, a signi cant bottleneck exists between the demand for 3D content
and the ability of most people to produce it. Traditionally, creating high-quality
3D assets has been the domain of specialists, relying on two primary paradigms:
digitizing the real world and handcrafting from imagination .

One important method of creating 3D content s by digitizing the real world[ 85,
as shown in Figure 1.1(a). For example, many video games have their environ-
ments created by scanning real-world scenes, which brings a high level of realism.
This process, known as photogrammetry [ 6, 82, 102, 149, 167, 199, 263 or 3D scan-
ning [ 35, 76, 187, 219, can produce assets with unparalleled delity. Another way
of 3D content creation is handcrafting them as illustrated in Figure 1.1(b). Artists
use professional 3D modeling software, e.g., Blender, Maya, and 3DSMax, to de-
sign and build virtual worlds, shaping every detail from scratch. This approach
allows for boundless creativity, enabling the creation of fantastic objects and scenes

1



1. Introduction

Figure 1.1: Two ways of creating 3D content. (a) 3D Digitization captures real-
world environments through photogrammetry or 3D scanning, requiring dense
camera views or specialized equipment setups to achieve high- delity results. (b)
3D Modeling involves artists using professional software to handcraft virtual con-
tent from scratch, including both geometry and texture creation. Both approaches
require specialized expertise and remain inaccessible to everyday users.

that do not exist in reality.

However, both of these methods are mainly used by professionals and remain
out of reach for everyday users. 3D scanning and photogrammetry often require
densely captured views [ 6, 82, 102, 149, 167, 263 or even specialized equipment
setups [76, 219. Meanwhile, 3D modeling demands signi cant expertise, and
mastering the software and techniques can be time-consuming and complex.

1.2 Challenges

Recent advances in Neural Radiance Fields (NeRF) 49 and Gaussian Splatting
(GS) [90] have made it possible to digitize 3D scenes using only 2D images. Simulta-
neously, the emergence of generative Al has revolutionized content creation across
multiple domains, from text generation with large language models | 2, 44]to image
synthesis with GANs [ 87] and diffusion models [ 192. However, extending these
successes to usable 3D content creation, whether through reconstructing existing

2
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scenes or generating novel assets, presents unique and fundamental challenges.

Reconstruction Challenges. The most fundamental challenge in 3D reconstruc-
tion stems from the inherent ambiguity of inferring 3D structure from 2D observa-
tions. Multiple 3D con gurations can produce identical 2D projections, creating
fundamental ambiguities that existing methods, e.g., NeRF [ 149 and GS [9(], re-
solve by requiring hundreds of densely captured images from diverse viewpoints.
This dense view requirement severely restricts practical applications, as capturing
such extensive datasets is often impractical or impossible in real-world scenarios
where users want to quickly digitize objects or scenes with minimal effort. The
problem is compounded by the need for careful camera positioning, controlled
lighting conditions, and often specialized equipment to achieve the coverage and
quality necessary for high- delity reconstruction.

Generation Challenges. While 2D generation often focuses on visual appeal
from a single viewpoint, generated 3D content must appear coherent across all
possible views. This multi-view consistency requirement dramatically increases
the complexity of the generation task, as models must reason about the underlying
3D content that looks plausible from every perspective rather than optimizing
for a single view. The challenge is exacerbated by severe data scarcity in the 3D
domain. While 2D image datasets like LAION [ 201] contain billions of examples,
high-quality 3D datasets are orders of magnitude smaller and signi cantly more
expensive to create, requiring specialized equipment, e.g., LIDAR scanners, or
manually creating 3D assets. This data scarcity makes it challenging to train ro-
bust generative models that can handle the full diversity of real-world 3D content.
Additionally, 3D content creation involves multiple interconnected modalities,
geometry, appearance, and physics, each with its own representation challenges
and constraints. Unlike 2D generation where visual quality is often the primary ob-
jective, 3D content frequently needs to satisfy additional requirements depending
on its intended use, e.g., ef cient geometry representations that adapt to different
levels of detail, correct material properties for realistic lighting and interaction, and
physical plausibility for downstream simulation or manufacturing purposes.
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Figure 1.2: Dissertation Overview. This dissertation is organized in three parts: (a)
Sparse-view 3D Reconstruction (Part I) enables high-quality 3D scene reconstruc-
tion from as few as two casually captured photos. (b)(c) 3D Asset Generation (Part
II) creates 3D content from intuitive inputs: generating editable 3D objects from 2D
segmentation maps or sketches for category-speci ¢ generation (Chapter 3), and
diverse 3D asset creation from text descriptions (Chapters 4 and 5). (d) Physical
Asset Generation (Part Ill) extends beyond virtual assets to generate physically
stable and buildable brick structures from text prompts, providing step-by-step
construction sequences for real-world implementation.
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1.3 Dissertation Overview

To address the challenges outlined above, this dissertation proposes to integrate
classical 3D understanding with modern generative models across the core aspects
of 3D content: geometry, appearancand physics Rather than relying purely on
data-driven learning, our approach leverages well-established geometric principles,
structural knowledge, and physical constraints developed over decades of 3D com-
puter vision and graphics research. By grounding generative models in classical
3D principles, e.g., multi-view geometry, octree hierarchy, material representations,
and structural stability, we can create more robust, ef cient, and practically useful
3D generation systems.

Speci cally, this dissertation is structured in three parts. We begin by mak-
ing real-world capture easier, then move to simplifying creative generation, and
conclude by bridging the gap between digital designs and physically realizable
objects.

Part I: Sparse-View 3D Reconstruction. Itis vital to develop a generic and easy-to-
use method to reconstruct objects and scenes in real life. Neural Radiance Fields
(NeRF) [149 make this possible using only 2D images. However, plain NeRF and
many of its follow-up works [ 263 require dense views from hundreds of images,
which restricts its usage. Part | aims to lower the bar of using 3D reconstruction in
our daily life by relieving the burden of taking dense view data.

As shown in Figure 1.2(a), Chapter 2 introduces Depth-Supervised NeRF (DS-
NeRF) [39], a method that utilizes geometric priors using "free” depth information
obtained from standard Structure-from-Motion (SFM) pipelines [ 199. By super-
vising the geometry learning process, DS-NeRF reduces over tting, accelerates
training, and enables high-quality view synthesis from as few as two images, mak-
ing high- delity capture accessible from casual photos. Building on this foundation,
our follow-up work Total-recon [ 217, while not included in the thesis, shows that
depth supervision can also help improve 4D reconstruction from monocular videos.
Part 1l: 3D Asset Generation. In addition to capturing 3D scenes from the real
world, we also want to lower the skill barrier for creating novel 3D content. Part
Il explores methods that generate rich 3D assets from intuitive, low-effort inputs
such as 2D sketch maps and text prompts.
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Chapter 3 presents a method for 3D-aware conditional image synthesis [ 40],
which can generate editable 3D objects of speci ¢ categories, e.g., cars, from a single
2D semantic input like a segmentation or sketch map, as shown in Figure 1.2(b).
Notably, by interactive editing of the semantic maps projected onto user-speci ed
viewpoints, our system can be used as a tool for 3D editing of the generated
content.

Expanding beyond visual inputs and category-speci ¢ asset generation, the
following two chapters explore natural language as an interface for generic 3D
asset creation. Similar to how artists create 3D assets, we divide the problem
into a two-stage process, geometry generation (Chapter 4) and texture generation
(Chapter 5), as shown in Figure 1.2(c).

Speci cally, chapter 4 introduces a more ef cient way to represent and generate
3D shapes with Octree-based Adaptive Tokenization (OAT) [ 42]. This method
dynamically allocates representational capacity based on geometric complexity.
Building on this, OctreeGPT can generate diverse, high-quality 3D shapes from
text descriptions, advancing on prior text-to-3D methods [106, 179, 223].

Chapter 5 addresses the crucial challenge of appearance modeling by generating
high-quality relightable texturing. The proposed method, FlashTex [ 41], textures an
input 3D mesh given a user-provided text prompt, improving upon prior texturing
methods [23, 24, 189. Notably, our generated texture can be relit properly in
different lighting environments, which makes our results widely applicable in
downstream tasks.

Part Ill: Physical Asset Generation. In addition to virtual assets, we also explore a
novel direction by considering the physical realizability of generated designs [ 133.
While most generative models produce objects that are only visually plausible, this
nal part of the thesis explores how to create designs that are structurally sound
and buildable in the real world.

Chapter 6 introduces BrickGPT [181], a system that generates physically stable
and buildable brick structures directly from text prompts. By repurposing a large
language model [44] for "next-brick prediction” and incorporating physics-aware
checks for stability [ 121], BrickGPT produces complex and creative designs that
are not only imaginative but also physically stable and buildable, as shown in
Figure 1.2(d).

6
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1.4 Other Research

In addition to the thesis work, | also contributed to other relevant research projects

in 3D content creation, including monocular video reconstruction [ 217, texture
generation with tactile input [ 48], stability analysis [ 119, 3D reconstruction with
materials [113], and scene generation [191]:

1. Chonghyuk Song, Gengshan Yang, Kangle Deng , Jun-Yan Zhu and Deva
Ramanan. Total-Recon: Deformable Scene Reconstruction for Embodied View
SynthesisICCV 2023. [212]

2. Ruihan Gao, Kangle Deng , Gengshan Yang, Wenzhen Yuan, Jun-Yan Zhu.
Tactile DreamFusion: Exploiting Tactile Sensing for 3D GeneratidteurIlPS
2024. [48]

3. Ruixuan Liu, Kangle Deng , Ziwei Wang, Changliu Liu. StableLego: Stability
Analysis of Block Stacking AssembRRA-L 2024. [119]

4. Yehonathan Litman, Or Patashnik, Kangle Deng , Aviral Agrawal, Rushikesh

Zawar, Fernando De la Torre, Shubham Tulsiani. MaterialFusion: Enhancing
Inverse Rendering with Material Diffusion Prior8DV 2025. [113]

5. Roblox Foundation Al Team: Kangle Deng (core contributor). Cube: A Roblox
View of 3D IntelligenceTechnical Report 2025. [191]
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Chapter 2

Depth-supervised NeRF: Fewer Views
and Faster Training for Free

We begin our exploration of 3D content creation by addressing the challenge of
sparse-view 3D reconstruction. As established in the challenges section, traditional
3D reconstruction methods suffer from inherent ambiguity when inferring 3D
structure from limited 2D observations, typically requiring hundreds of densely
captured images to achieve high-quality results.

The key insight driving this chapter is that we can resolve reconstruction ambi-
guity not by requiring more data, but by incorporating complementary geometric
priors that are readily available from standard reconstruction pipelines.

The following chapter demonstrates how this integration of classical multi-
view geometry with modern neural rendering can dramatically reduce view re-
quirements while maintaining reconstruction quality, making 3D scene capture
accessible from casual photographs.

2.1 Introduction

Neural rendering with implicit representations has become a widely-used tech-
nigue for solving many vision and graphics tasks ranging from view synthesis [ 32,
149 210, to re-lighting [ 134, 143, to pose and shape estimation [169, 195 271],
to 3D-aware image synthesis and editing [17, 124, 207, to modeling dynamic

11
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Figure 2.1: Training NeRFs can be dif cult when given insuf cient input images.
We utilize additional supervision from depth recovered from 3D point clouds
estimated from running structure-from-motion and impose a loss to ensure the
rendered ray's termination distribution respects the surface priors given by the
each keypoint. Because our supervision is complementary to NeRF, it can be
combined with any such approach to reduce over tting and speed up training.

scenes [L08 172, 180. The seminal work of Neural Radiance Fields (NeRF) [ 149
demonstrated impressive view synthesis results by using implicit functions to
encode volumetric density and color observations.

In spite of this, NeRF has several limitations. Reconstructing both the scene
appearance and geometry can be ill-posed given a small number of input views.
Figure 2.2 shows that NeRF can learn wildly inaccurate scene geometries that still
accurately render train-views. However, such models produce poor renderings
of novel test-views, essentially over tting to the train set. Furthermore, even
given a large number of input views, NeRF can still be time-consuming to train; it
often takes between ten hours to several days to model a single scene at moderate
resolutions on a single GPU. The training is slow due to both the expensive ray-
casting operations and lengthy optimization process.

In this work, we explore depth as an additional, cheap source of supervision to
guide the geometry learned by NeRF. Typical NeRF pipelines require images and
camera poses, where the latter are estimated from structure-from-motion (SFM)

12
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Figure 2.2: Few view NeRF. NeRF is susceptible to over tting when given few
training views. As seen by the PSNR gap between train and test renders (left),
NeRF has over t and fails at synthesizing novel views. Further, the depth map
(right) and depth error (middle) for NeRF suggest that its density function has
failed to extract the surface geometry and can only reconstruct the training views'
colors. Our depth-supervised NeRF model is able to render plausible geometry
with consistently lower depth errors.

solvers such as COLMAP [199. In addition to returning cameras, COLMAP also
outputs sparse 3D point clouds as well as their reprojection errors. We impose a
loss to encourage the distribution of a ray's termination to match the 3D keypoint,
incorporating reprojection error as an uncertainty measure. This is a signi cantly
stronger signal than reconstructing only RGB. Without depth supervision, NeRF is
implicitly solving a 3D correspondence problem between multiple views. However,
the sparse version of this exact problem has already been solved by SFM, whose
solution is given by the sparse 3D keypoints. Therefore depth supervision improves
NeRF by (softly) anchoring its search over implicit correspondences with sparse
explicit ones.

Our experiments show that this simple idea translates to massive improvements
in training NeRFs and its variations, regarding both the training speed and the
amount of training data needed. We observe that depth-supervised NeRF can
accelerate model training by 2-3x while producing results with the same quality. For
sparse view settings, experiments show that our method synthesizes better results
compared to the original NeRF and recent sparse-views NeRF models [220, 273
on both NeRF Real [149 and Redwood-3dscan [33] We also show that our depth
supervision loss works well with depth derived from other sources such as a depth
camera. Our code and more results are available at https://www.cs.cmu.edu/
~dsnerf/ .

13
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2.2 Related Work

NeRF from few views. NeRF [149 was originally shown to work on a large
number of images with the LLFF NeRF Real dataset [148 consisting of nearly 50
images per scene. This is because tting the NeRF volume often requires a large
number of views to avoid arriving at degenerate representations. Recent works
have sought to decrease the data-hungriness of NeRF in a variety of different
ways. PixelNeRF [273 and metaNeRF [22( use data-driven priors recovered
from a domain of training scenes to Il in missing information from test scenes.
Such an approach works well when given suf cient training scenes and limited
gap between the training and test distribution, but such assumptions are not
particularly exible. Another approach is to leverage priors recovered from a
different task like semantic consistency [78] or depth prediction [254].

Similar to our insight that the primary dif culty in tting few-view NeRF is
correctly modeling 3D geometry, MVSNeRF [ 21] combines both 3D knowledge
with scene priors by constructing a plane sweep volume before using a pretrained
network with generalizable priors to render scenes. One appeal of an approach
that utilizes 3D information is the lack of assumptions it makes on the problem
statement. Unlike the aforementioned approaches which depend on the availability
of training data or the applicability of prior assumptions, our approach only
requires the existence of 3D keypoints. This gives depth supervision the exibility
to be used not only as a standalone method, but one that can be freely incorporated
into existing NeRF methods easily.

Faster NeRF. Another drawback of NeRF is the lengthy optimization time required
to tthe volumetric representation. Indeed Mildenhall et al [149] trained a single
scene's NeRF model for twelve hours of GPU compute. Many works [ 186, 272
have found that the limiting factor is not learning the radiance itself, but rather
oversampling the empty space during training. Indeed this is a similar intuition to
the fact that the majority of the volume is actually empty, but NeRF's initialization
is a median uniform density. Our insight is to apply a supervisory signal directly
to the NeRF density to increase the convergence of the geometry and to encourage
NeRF's density function to mimic the behavior of real-world surface geometries.

14
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Depth and NeRF. Several prior works have explored ways to leverage depth
information for view synthesis [ 205 234 and NeRF training [ 108 114,158 172, 254.
For instance, 3D keypoints have been demonstrated to be helpful when extending
NeRFs with relaxed assumptions like deformable surfaces [ 172 or dynamic scene
ows [ 10§. Other works like DONeRF [ 158 proposed training a depth oracle
to improve rendering speed by directly smartly sampling the surface of a NeRF
density function. Similar to DONeRF, Ner ngMVS [ 254 shows how a monocular
depth network can be used to induce depth priors to do smarter sampling during
training and inference.

Our work attempts to improve NeRF-based methods by directly supervising
the NeRF density function. As depth becomes a more accessible source of data,
being able to apply depth supervision becomes increasingly more powerful. For
example, recent works have demonstrated how depth extracted from sensors like
time-of- ight cameras [ 4] or RGB-D Kinect sensor [5] can be applied to timplicit
functions. Building upon their insights, we provide a probabilistic formulation of
the depth supervision, and show this results in meaningful improvements to NeRF
and its variants.

2.3 Depth-Supervised Ray Termination

We now present our proposed depth-supervised loss for training NeRFs. We rst
revisit volumetric rendering and then analyze the termination distribution for rays.
We conclude with our depth-supervised distribution loss.

2.3.1 \Volumetric rendering revisited

A Neural Radiance Field takes a set of posed images and encodes a scene as a

volume density and emitted radiance. More speci cally, for a given 3D point

x 2 R®and a particular viewing direction d 2 R3, NeRF learns an implicit function

f that estimates the differential density s and RGB color c like so: f(x,d) = (' s,c).
To render a 2D image given a pose P, we cast raysr originating from the P's

center of projection o in direction d derived from its intrinsics. We integrate the

implicit radiance eld along this ray to compute the incoming radiance from any
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Figure 2.3: Ray Termination Distribution.  (a) We plot various NeRF components
over the distance traveled by the ray. Even if a ray traverses through multiple
objects (as indicated by the multiple peaks of density s(t)), we nd that the ray
termination distribution h(t) is still unimodal. We nd that NeRF models trained
with suf cient supervision tend to have peaky, unimodal ray termination distribu-
tions as seen by the decreasing variance with more views in (c). We posit that the
ideal ray termination distribution approaches a dimpulse function.

object that lies along d: 7
C

" TOscbd, 2.1)

where hparameterlzes the aforementioned ray as r(t) = o+ td and T(t) =

exp( s(s)ds) checks for occlusions by integrating the differential density be-

tween 0 to t. Because the density and radiance are the outputs of neural networks,
NeRF methods approximate this integral using a sampling-based Riemann sum

instead. The nal NeRF rendering loss is given by a reconstruction loss over colors

returned from rendering the set of rays R (P) produced by a particular camera
parameter P.

A 2
L color = ErZR(P) C(I‘) C(I’) 2 (2.2)

Ray distribution. Let us write h(t) = T(t)s(t). In the appendix, we show that
it is a continuous probability distribution over ray distance t that describes the
likelihood of a ray terminating at t. Due to practical constraints, NeRFs assume
that the scene lies between a near and far bound (¢, t). To ensure h(t) sums to
one, NeRF implementations often treat t; as an opaque wall. With this de nition,
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the rendered color can be written as an expectation:
. L
C= . h(t)c(t)dt = Epyle(t)].

Idealized distribution.  The distribution h(t) describes the weighed contribution
of sampled radiances along a ray to the nal rendered value. Most scenes consist
of empty spaces and opaque surfaces that restrict the weighted contribution to
stem from the closest surface. This implies that the ideal ray distribution of image
point with a closest-surface depth of D should be d(t D). Figure 2.3(c) shows
that the empirical variance of NeRF termination distributions decreases with more
training views, suggesting that high quality NeRFs (trained with many views) tend

to have ray distributions that approach the d-function. This insight motivates our
depth-supervised ray termination loss.

2.3.2 Deriving depth-supervision

Recall that most NeRF pipelines require images with associated camera matrices
(P4, Py,...), often estimated with SFM packages such as COLMAP [199. Impor-
tantly, SFM makes use of bundle adjustment, which also returns 3D keypoints
f X 1 Xq,%o,...2 R3gand visibility ags for which keypoints are seen from camera

i X X. Given image I; and its camera P;, we estimate the depth of visible
keypoints x; 2 Xj by simply projecting x; with P;, taking the re-projected z value
as the keypoint's depth Dj;.

Depth uncertainty. Unsurprisingly Dj; are inherently noisy estimates due to spuri-
ous correspondences, noisy camera parameters, or poor COLMAP optimization.
The reliability of a particular keypoint x; can be measured using the average repro-
jection error §; across views over which the keypoint was detected. Speci cally, we
model the location of the rst surface encountered by a ray as a random variable
D j; that is normally distributed around the COLMAP-estimated depth  Dj; with
variance §;: Dj; N (Djj,§;). Combining the intuition regarding behavior of ideal
termination distribution, our objective is to minimize the KL divergence between
the rendered ray distribution h;;(t) of x;'s image coordinates and the noisy depth
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distribution:
min Ep, KL[d(t  Djj)jjhy(t)] (2.3)
ij
Z
t;D
= argmin Ep,,  p(t;Dgt) log udt (2.4)
h g h(t)
) mhax EDij d(t Dij) log hij (t)dt (2.5)
i
, mh;_ax Ep, log hj(Dj;) (2.6)
ij
4 2
(t Dy)
, mh?x log hjj (t) exp Tizdt. 2.7
» min KLIN (Dij, si)jj by (1)]. (2.8)
ij

Ep,KL[d(t Dj)jjhi ()] = KL[N (Djj, §)jjhij (t)] + const

Ray distribution loss. The above equivalence (see our appendix for proof) allows
the termination distribution h(t) to be trained with probabilisitic COLMAP depth
supervision:

_ z (t Dj)?
L Depth = ExiZXj log h(t) exp ( T)dt
i
0 (t« Djj)?
Ex2x; & log heexp( %)Dtk-
k Si

Our overall training loss for NeRF is L = Lcolor + | pL pepth Where | p is a hyper-
parameter balancing color and depth supervision.

2.4 EXxperiments

We rst evaluate the input data ef ciency on view synthesis over several datasets
in Section 2.4.3. For relevant NeRF-related methods, we also evaluate the error of
rendered depth maps in Section 2.4.4. Finally, we analyze training speed improve-
ments in Section 2.4.5.
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PSNR' SSIM" LPIPS#
NeRF Real [148] 2-view 5-view 10-view \ 2-view 5-view 10-view \ 2-view 5-view 10-view
LLFF 14.3 17.6 22.3 0.48 0.49 0.53 0.55 0.51 0.53
NeRF 13.5 18.2 225 0.39 0.57 0.67 0.56 0.50 0.52
metaNeRF-DTU 13.1 13.8 14.3 0.43 0.45 0.46 0.89 0.88 0.87
pixelNeRF-DTU 9.6 9.5 9.7 0.39 0.40 0.40 0.82 0.87 0.81
netuned 18.2 22.0 24.1 0.56 0.59 0.63 0.53 0.53 0.41
netuned w/ DS 18.9 22.1 24.4 0.54 0.61 0.66 0.55 0.47 0.42
IBRNet 14.4 21.8 24.3 0.50 0.51 0.54 0.53 0.54 0.51
netuned w/ DS 19.3 22.3 24.5 0.63 0.66 0.68 0.39 0.36 0.38
MVSNeRF - 17.2 17.2 - 0.61 0.60 - 0.37 0.36
ntuned - 21.8 22.9 0.70 0.74 - 0.27 0.23
ntuned w/ DS - 22.0 22.9 0.70 0.75 - 0.27 0.25
DS-NeRF
MSE 195 22.2 247 0.65 0.69 0.71 0.43 0.40 0.37
KL divergence 20.2 22.6 24.9 0.67 0.69 0.72 0.39 0.35 0.34

Table 2.1: View Synthesis on NeRF Real.

for various methods when given 2, 5, 10 views from NeRF Real. We nd that

We evaluate view synthesis quality

metaNeRF-DTU and pixeINeRF-DTU struggle to learn on NeRF Real due to its
domain gap to DTU. PixelNeRF, IBRNet and MVSNeRF can bene t from incorpo-

rating the depth supervision loss to achieve their best performance. We nd that

our DS-NeRF outperforms these methods on a variety of metrics, but especially for
the few view settings like 2 and 5 views.

PSNR* SSIM* LPIPS#

DTU [79] 3-view  6-view  9-view \ 3-view  6-view  9-view \ 3-view  6-view  9-view
NeRF 9.9 18.6 22.1 0.37 0.72 0.82 0.62 0.35 0.26
metaNeRF-DTU 18.2 18.8 20.2 0.60 0.61 0.67 0.40 0.41 0.35
pixeINeRF-DTU 19.3 20.4 21.1 0.70 0.73 0.76 0.39 0.36 0.34
DS-NeRF

MSE 16.5 20.5 222 0.54 0.73 0.77 0.48 0.31 0.26

KL divergence 16.9 20.6 22.3 0.57 0.75 0.81 0.45 0.29 0.24

Table 2.2:View Synthesis on DTU. We evaluate on 3, 6, and 9 views respectively
for 15 test scenes from the DTU dataset. pixeINeRF-DTU and metaNeRF-DTU

perform well given that the domain overlap between training and testing. This is

especially true for the few view setting as the lack of information is supplemented
by exploiting dataset priors. In spite of this, DS-NeRF is still competitive on view

synthesis for 6 and 9 views.
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Figure 2.4: View Synthesis on DTU and Redwood. PixelNeRF, which is pre-
trained on DTU, performs the best when given 3-views, although we nd DS-NeRF
to be visually competitive when more views are available. On Redwood, DS-NeRF
is the only baseline to perform well on the 2-views setting.

2.4.1 Datasets

DTU MVS Dataset (DTU) [79 captures various objects from multiple viewpoints.
Following Yu et al's setup in PixeINeRF [273, we evaluated on the same test scenes
and views. For each scene, we used their subsets of size 3, 6, 9 training views.
We run COLMAP with the ground truth calibrated camera poses to get keypoints.
Images are down-sampled to a resolution of 400 300 for training and evaluation.

NeRF Real-world Data (NeRF Real) [148 149 contains 8 real world scenes cap-
tured from many forward-facing views. We create subsets of training images for
each scene of sizes 2, 5, and 10 views. For every subset, we run COLMAP 199
over its training images to estimate cameras and collect sparse keypoints for depth
supervision.

Redwood-3dscan (Redwood) [33] contains RGB-D videos of various objects. We
select 5 RGB-D sequences and create subsets of 2, 5, and 10 training frames for
each object. We run COLMAP to get their camera poses and sparse point clouds.
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