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The primary contribution of this paper is to demon-
strate that large diffusion models have learned rich 3D
priors about the visual world, even though they are only
trained on 2D images. We also demonstrate state-of-the-
art results for novel view synthesis and state-of-the-art re-
sults for zero-shot 3D reconstruction of objects, both from
a single RGB image. We begin by briefly reviewing related
work in Section 2. In Section 3, we describe our approach
to learn controls for camera extrinsics by fine-tuning large
diffusion models. Finally, in Section 4, we present several
quantitative and qualitative experiments to evaluate zero-
shot view synthesis and 3D reconstruction of geometry and
appearance from a single image. We will release all code
and models as well as an online demo.
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advancements in generative image architectures combined

Recent

with large scale image-text datasets [47] have made it pos-
sible to synthesize high-fidelity of diverse scenes and ob-
jects [33, 40, 45]. In particular, diffusion models have shown

to be very effective at learning scalable image generators

Dalle-2 Stable Diffusion v2

2: Viewpoint bias in text-to-image models. We
show samples from both Dall-E-2 and Stable Diffusion v2
from the prompt “a chair”. Most samples show a chair in
a forward-facing canonical pose. SCAE| G v g R
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using a denoising objective [6, 48]. However, scaling them
to the 3D domain would require large amounts of expen-
sive annotated 3D data. Instead, recent approaches rely
on transferring pre-trained large-scale 2D diffusion models
to 3D without using any ground truth 3D data. Neural
Radiance Fields or NeRFs [31] have emerged as a powerful
representation, thanks to their ability to encode scenes with
high fidelity. Typically, NeRF is used for single-scene re-
construction, where many posed images covering the entire
scene are provided. The task is then to predict novel views
from unobserved angles. DreamFields [22] has shown that
NeRF is a more versatile tool that can also be used as the
main component in a 3D generative system. Various follow-
up works [38, 26, 53] substitute CLIP for a distillation loss
from a 2D diffusion model that is repurposed to generate

high-fidelity 3D objects and scenes from text inputs.
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3: Zero-1-to-3 is a viewpoint-conditioned image trans-
lation model using a conditional latent diffusion architec-
ture. Both the input view and a relative viewpoint transfor-
mation are used as conditional information. Zero-1-to-3
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Novel view synthesis from monocular RGB image is
severely under-constrained. Our approach will capitalize
on large diffusion models, such as Stable Diffusion, in order
to perform this task, since they show extraordinary zero-
shot abilities when generating diverse images from text de-
scriptions. Due to the scale of their training data [47], pre-
trained diffusion models are state-of-the-art representations

for the natural image distribution today.
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However, there are two challenges that we must over-
come to create f. Firstly, although large-scale generative
models are trained on a large variety of objects in different
viewpoints, the representations do not explicitly encode the
correspondences between viewpoints. Secondly, generative
models inherit viewpoint biases reflected on the Internet.
As shown in Figure 2, Stable Diffusion tends to generate

images of forward-facing chairs in canonical poses. These
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B 4: 3D reconstruction with Zero-1-to-3. Zero-1-to-
3 can be used to optimize a neural field for the task of 3D
reconstruction from a single image. During training, we
randomly sample viewpoints and use Zero-1-to-3 to super-
vise the 3D reconstruction. i Zero-1-to-3 =4k H
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two problems greatly hinder the ability to extract 3D knowl-
edge from large-scale diffusion models.
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Viewpoint

Since diffusion models have been trained on internet-
scale data, their support of the natural image distribution
likely covers most viewpoints for most objects, but these
viewpoints cannot be controlled in the pre-trained models.
Once we are able to teach the model a mechanism to control
the camera extrinsics with which a photo is captured, then
we unlock the ability to perform novel view synthesis.
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5: Novel view synthesis on Google Scanned Objects [10]. The input view shown on the left is used to synthesize

two randomly sampled novel views. Corresponding ground truth views are shown on the right. Compared to the baselines,

our synthesized novel view contain rich textual and geometric details that are highly consistent with the ground truth, while
baseline methods display a significant loss of high-frequency details. Y:E Google Scanned Objects [10] J:m%mﬁ
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To this end, given a dataset of paired images and their
relative camera extrinsics {(1 x(r.1), R, 'I') }, our approach,
shown in Figure 3, fine-tunes a pre-trained diffusion model
in order to learn controls over the camera parameters with-
out destroying the rest of the representation. Following [44],
we use a latent diffusion architecture with an encoder &£, a
denoiser U-Net €9, and a decoder D. At the diffusion time
step ¢t ~ [1,1000], let c¢(x, R,T) be the embedding of the
input view and relative camera extrinsics. We then solve
for the following objective to fine-tune the model:
min E.e(a).t.emn01))€ — €o(2e, t,c(x, R, T))5.  (3)
After the model €y is trained, the inference model f can
generate an image by performing iterative denoising from a

Gaussian noise image [44] conditioned on c¢(z, R, T).
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The main result of this paper is that fine-tuning pre-
trained diffusion models in this way enables them to learn
a generic mechanism for controlling the camera viewpoints,
which extrapolates outside of the objects seen in the fine-
tuning dataset. In other words, this fine-tuning allows con-

trols to be “bolted on” and the diffusion model can retain
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7: Novel view synthesis on in-the-wild images. The 1st, 3rd, and 4th rows show results on images taken by
an iPhone, and the 2nd row shows results on an image downloaded from the Internet. Our method works are robust to
objects with different surface materials and geometry. We randomly sampled 5 different viewpoints and directly showcase
the results without cherry-picking. We include more uncurated results in the supplementary materials. Eiﬁﬁ@@k
IFRMA SR, % 1. 3. 4 172 iPhone fAREIRHIZER, 5 2 TTRM LM FEERIIEIR, BATTTEN AR
R A R T LT AR BRI S M, FRATIBENLRAE T 5 DAFERLA, REPOEERRIREIR, B2 RATMIERILS
RIANFER o

model, which we termed SJC-I. SJC-I,
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Novel Views

10: Novel View Synthesis from Dall-E-2 Generated Images. The composition of multiple objects (1st row) and
the lighting details (2nd row) are preserved in our synthesized novel views. })’\ Dall-E-2 ﬂfﬁi@{%m%ﬁ?ﬂﬁ/ﬁ\ﬁio %4\
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5. itj‘ie -Discussion

[n this work, we have proposed a novel approach, Zero-
1-to-3, for zero-shot, single-image novel-view synthesis and
3D reconstruction. Our method capitalizes on the Sta-
ble Diffusion model, which is pre-trained on internet-scaled
data and captures rich semantic and geometric priors. To
extract this information, we have fine-tuned the model on
synthetic data to learn control over the camera viewpoint.
The resulting method demonstrated state-of-the-art results
on several benchmarks due to its ability to leverage strong
object shape priors learned by Stable Diffusion.

TEATAE, FAHRH T —R2HHITTIE Zero-1-to-
3, AT EREA, BREGHHI A GRS =4, 3]
M 77 120E B Stable Diffusion B8 —— B 1F B I M FLAR
RO%E ERIZR, HRSIFERIE S TLAER, i
BOXEEAEE, FAEEBEE X BRI, 2o
ML A B2, ARG 75 IR LA Stable Diffusion
Firt B IR AR SR i RE 1, 1R DA EEUS T &
FeIERIEE R,

5.1. ﬂi;’%lﬁf ‘Future Work

From objects to scenes. Our approach is trained on

14

a dataset of single objects on a plain background. While
we have demonstrated a strong degree of generalizations to
scenes with several objects on RTMV dataset, the quality
still degrades compared to the in-distribution samples from
GSO. Generalization to scenes with complex backgrounds
thus remains an important challenge for our method. })’\%
Rslg5t, BAIRITTEERDYME, AT RATETRSE
FVIgR, BARFAE RIMV BdEE LR TR &2
YWikG RSz, HS GSO K WAL,
R N, Ritk, MNERERREZA 2]
T I — D E kA,

From scenes to videos. Being able to reason about
geometry of dynamic scenes from a single view would open
novel research directions, such as understanding occlu-
sions [52, 27] and dynamic object manipulation. A few
approaches for diffusion-based video generation have been
proposed recently [20, 11], and extending them to 3D would
be key to opening up these opportunities. M7 2 S
A7 RE M — WA HE BN A e T LAAT, R TFRE Y
WFFRTTIA, BIANERMEIERY (52, 27) FshA&Y R, &
REAHE TETYREISAERRTTTE 20, 1], EA]
IR = 4ER B A TR N B I R

Combining graphics pipelines with Stable Diffu-

sion. In this paper, we demonstrate a framework to extract

3D knowledge of objects from Stable Diffusion. A powerful



BRI AHAYS Stable Diffusion 858, &38R T
—/ MM Stable Diffusion HHH2 B 7R = 4ER1H FIHEZE,
{% Stable Diffusion JXFEIRAM B IREURAE AR, 18
FRSE LT ORI, BHRE, SOREMEAMAIN, AR TIE
A ARERINLGI, ERBUEREEEES, Hlangs

i FATXE Changxi Zheng 1 Samir Gadre F2ft
FE SRR, & SJC [53]. NeRDi [9]. SparseFu-
sion [65] F1 Objaverse [3] BIMEE MR ERIA 25 1 18
AR 3155 Toyota Research Institute, DARPA
MCS H&I (B HMYGRS N660011924032) PAK NSF
NRI 2301 #1925157 #3524,

SR

[1] Stable diffusion image variations - a hugging face space
by lambdalabs. 9, 10, 11, 20

[2] Blender Online Community. Blender - a 3D modelling
and rendering package. Blender Foundation, Blender
Institute, Amsterdam. 19

Tim Brooks, Aleksander Holynski, and Alexei A Efros.
InstructPix2Pix: Learning to follow image editing in-
structions. In CVPR, 2023. 7

Angel X Chang, Thomas Funkhouser,

Guibas, Pat Hanrahan, Qixing Huang, Zimo Li, Silvio

[4] Leonidas
Savarese, Manolis Savva, Shuran Song, Hao Su, et al.
ShapeNet: An information-rich 3D model repository.
arXiv preprint arXiv:1512.03012, 2015. 8

[5] Anpei Chen, Zexiang Xu, Andreas Geiger, Jingyi Yu,

and Hao Su. TensoRF: Tensorial radiance fields. In

ECCV, 2022. 9

15

[6] Nanxin Chen, Yu Zhang, Heiga Zen, Ron J Weiss, Mo-
hammad Norouzi, and William Chan. WaveGrad: Es-
timating gradients for waveform generation. In ICLR,
2021. 3

[7] Ken Cheng. Reflections on geometry and navigation.

Connection Science, 17(1-2):5-21, 2005. 2

[8] Matt Deitke, Dustin Schwenk, Jordi Salvador, Luca

Weihs, Oscar Michel, Eli VanderBilt, Ludwig Schmidt,

Kiana Ehsani, Aniruddha Kembhavi, and Ali Farhadi.

Objaverse: A universe of annotated 3D objects. arXiv

preprint arXiv:2212.08051, 2022. 8, 15, 19

[9] Congyue Deng, Chiyu Jiang, Charles R Qi, Xinchen

Yan, Yin Zhou, Leonidas Guibas, Dragomir Anguelov,

NeRDi:

language-guided diffusion as general image priors.

arXiv preprint arXiw:2212.03267, 2022. 4, 15

et al. Single-view NeRF synthesis with

[10] Laura Downs, Anthony Francis, Nate Koenig, Bran-
don Kinman,

Thomas B McHugh, and Vincent Vanhoucke. Google

Ryan Hickman, Krista Reymann,
scanned objects: A high-quality dataset of 3D scanned
household items. In ICRA, 2022. 6, 11

[11] Patrick Esser, Johnathan Chiu, Parmida Atighe-

hchian, Jonathan Granskog, and Anastasis Germani-

dis. Structure and content-guided video synthesis with
diffusion models. arXiv preprint arXiv:2302.03011,
2023. 14

[12] Haoqgiang Fan, Hao Su, and Leonidas J Guibas. A

point set generation network for 3D object reconstruc-

tion from a single image. In CVPR, 2017. 4
Sara Fridovich-Keil, Alex Yu, Matthew Tancik, Qin-

hong Chen, Benjamin Recht, and Angjoo Kanazawa.

(13]

Plenoxels: Radiance fields without neural networks. In
CVPR, 2022. 9

Rinon Gal, Yuval Alaluf, Yuval Atzmon, Or Patashnik,
Amit H Bermano, Gal Chechik, and Daniel Cohen-Or.
An image is worth one word: Personalizing text-to-
In ICLR,

(14]

image generation using textual inversion.
2023. 4
[15] Jun Gao, Tianchang Shen, Zian Wang, Wenzheng
Chen, Kangxue Yin, Daiqing Li, Or Litany, Zan Go-
jcic, and Sanja Fidler. Get3D: A generative model of
high quality 3D textured shapes learned from images.

In NeurIPS, 2022. 2



[16]

(17]

18]

19]

20]

(21]

22]

23]

24]

[25]

[26]

27]

Rohit Girdhar, David F Fouhey, Mikel Rodriguez, and
Abhinav Gupta. Learning a predictable and generative

vector representation for objects. In FCCV, 2016. 4
Abhinav Gupta, Aniruddha Kembhavi, and Larry S
Davis. Observing human-object interactions: Using
spatial and functional compatibility for recognition.
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 31(10):1775-1789, 2009. 2

Thomas Un-

terthiner, Bernhard Nessler, and Sepp Hochreiter.

Martin Heusel, Hubert Ramsauer,
Gans trained by a two time-scale update rule converge
to a local nash equilibrium. In NeurIPS, 2017. 11
Jonathan Ho and Tim Salimans. Classifier-free diffu-
sion guidance. In NeurlPS, 2022. 7

Jonathan Ho,
William Chan, Mohammad Norouzi, and David J
Fleet. Video diffusion models. In NeurIPS, 2022. 14

Tim Salimans, Alexey Gritsenko,

Zixuan Huang, Stefan Stojanov, Anh Thai, Varun
Jampani, and James M Rehg. Planes vs. chairs:
Category-guided 3D shape learning without any 3D
cues. In ECCYV, 2022. 2

Ajay Jain, Ben Mildenhall, Jonathan T Barron, Pieter
Abbeel, and Ben Poole. Zero-shot text-guided object

generation with dream fields. In CVPR, 2022. 3, 4

Ajay Jain, Matthew Tancik, and Pieter Abbeel.
Putting NeRF on a Diet: Semantically consistent few-

shot view synthesis. In ICCV, 2021. 9, 11, 21, 22

Angjoo Kanazawa, Shubham Tulsiani, Alexei A Efros,
and Jitendra Malik. Learning category-specific mesh
reconstruction from image collections. In ECCV, 2018.
2

Angjoo Kanazawa, Jason Y Zhang, Panna Felsen, and
Jitendra Malik. Learning 3D human dynamics from
video. In CVPR, 2019. 2

Chen-Hsuan Lin, Jun Gao, Luming Tang, Towaki
Takikawa, Xiaohui Zeng, Xun Huang, Karsten Kreis,
Sanja Fidler, Ming-Yu Liu, Lin.
Magic3D: High-resolution text-to-3D content creation.
arXiv preprint arXiw:2211.10440, 2022. 3, 4

and Tsung-Yi

Ruoshi Liu, Sachit Menon, Chengzhi Mao, Dennis
Park, Simon Stent, and Carl Vondrick. Shadows shed
light on 3D objects. arXiv preprint arXiv:2206.08990,
2022. 14

16

(28]

29]

30]

(31]

32]

33]

34]

(35]

(36]

37]

(38]

Ilya Loshchilov and Frank Hutter. Decoupled weight
decay regularization. arXiv preprint arXivw:1711.05101,
2017. 20

Luke Melas-Kyriazi, Christian Rupprecht, Iro Laina,
and Andrea Vedaldi.

tion of any object from a single image. arXiv preprint
arXiv:2502.10663, 2023. 4

RealFusion: 360° reconstruc-

Lars Mescheder, Michael Oechsle, Michael Niemeyer,
Sebastian Nowozin, and Andreas Geiger. Occupancy
networks: Learning 3D reconstruction in function

space. In CVPR, 2019. 2, 4
Ben Mildenhall, Pratul P. Srinivasan, Matthew Tan-

cik, Jonathan T. Barron, Ravi Ramamoorthi, and Ren
Ng. NeRF: Representing scenes as neural radiance
fields for view synthesis. In ECCV, 2020. 3

Gillian M Morriss-Kay. The evolution of human artis-
tic creativity. Journal of anatomy, 216(2):158-176,
2010. 2

Alex Nichol, Prafulla Dhariwal, Aditya Ramesh,
Pranav Shyam, Pamela Mishkin, Bob McGrew, Ilya
Sutskever, and Mark Chen. GLIDE: Towards photo-
realistic image generation and editing with text-guided
diffusion models. In ICML, 2022. 2, 3

Alex Nichol, Heewoo Jun, Prafulla Dhariwal, Pamela
Mishkin, and Mark Chen. Point-E: A system for gen-
erating 3D point clouds from complex prompts. arXiv
preprint arXiv:2212.08751, 2022. 10, 13

OPHoperHPO.

remove-tool:

Ophoperhpo/ image-background-
automated high-quality background re-
moval framework for an image using neural networks.

. 20, 22
Jeong Joon Park, Peter Florence, Julian Straub,
Richard Newcombe, and Steven Lovegrove. DeepSDF:
Learning continuous signed distance functions for

shape representation. In CVPR, 2019. 2

Georgios Pavlakos, Vasileios Choutas, Nima Ghorbani,
Timo Bolkart, Ahmed AA Osman, Dimitrios Tzionas,
and Michael J Black. Expressive body capture: 3D
hands, face, and body from a single image. In CVPR,
2019. 2

Ben Poole, Ajay Jain, Jonathan T Barron, and Ben
Mildenhall. DreamFusion: Text-to-3D using 2D diffu-
sion. In ICLR, 2023. 3,4, 7,9



(39]

[40]

[41]

42]

(43]

[44]

[45]

[46]

(47]

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sas-
try, Amanda Askell, Pamela Mishkin, Jack Clark,
et al. Learning transferable visual models from nat-
ural language supervision. In ICML, 2021. 7

Aditya Ramesh, Mikhail Pavlov, Gabriel Goh, Scott
Gray, Chelsea Voss, Alec Radford, Mark Chen, and
Ilya Sutskever. Zero-shot text-to-image generation. In
ICML, 2021. 3, 13

René Ranftl, Bochkovskiy, and Vladlen
Koltun. Vision transformers for dense prediction. In
Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision, pages 12179-12188, 2021.
11, 22

Alexey

René Ranftl, Katrin Lasinger, David Hafner, Kon-
rad Schindler, and Vladlen Koltun. Towards robust
monocular depth estimation: Mixing datasets for zero-
shot cross-dataset transfer. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 44(3):1623—
1637, 2020. 11, 22

Jeremy Reizenstein, Roman Shapovalov, Philipp Hen-
zler, Luca Sbordone, Patrick Labatut, and David
Novotny. Common objects in 3D: Large-scale learning
and evaluation of real-life 3D category reconstruction.
In ICCYV, 2021. 2, 10

Robin Rombach,

Lorenz, Patrick Esser, and Bjéorn Ommer.

Dominik
High-

resolution image synthesis with latent diffusion mod-

els. In CVPR, 2022. 2, 3, 6

Chitwan Saharia, William Chan, Saurabh Saxena,

Andreas Blattmann,

Lala Li, Jay Whang, Emily Denton, Seyed Kam-
yar Seyed Ghasemipour, Burcu Karagol Ayan, S Sara
Mahdavi, Rapha Gontijo Lopes, et al. Photorealistic
text-to-image diffusion models with deep language un-
derstanding. In NeurIPS, 2022. 2, 3

Shunsuke Saito, Zeng Huang, Ryota Natsume, Shigeo
PIFu:
Pixel-aligned implicit function for high-resolution
clothed human digitization. In ICCV, 2019. 4

Morishima, Angjoo Kanazawa, and Hao Li.

Christoph Schuhmann, Romain Beaumont, Richard
Vencu, Cade Gordon, Ross Wightman, Mehdi Cherti,
Theo Coombes, Aarush Katta, Clayton Mullis,
Mitchell Wortsman, et al. LAION-5B: An open large-

scale dataset for training next generation image-text

17

(48]

(49]

[50]

[51]

[52]

53]

[54]

[55]

[56]

[57]

models. arXiv preprint arXiv:2210.08402, 2022. 2, 3,
5

Jascha Sohl-Dickstein, Weiss,

eswaranathan, and Surya Ganguli. Deep unsupervised

Eric Niru Mah-

learning using nonequilibrium thermodynamics. In
ICML, 2015. 3

Cheng Sun, Min Sun, and Hwann-Tzong Chen. Di-
rect voxel grid optimization: Super-fast convergence
for radiance fields reconstruction. In CVPR, 2022. 9

Jonathan Tremblay, Moustafa Meshry, Alex Evans,
Jan Kautz, Alexander Keller, Sameh Khamis, Charles
Loop, Nathan Morrical, Koki
Takikawa, and Stan Birchfield. RTMV: A ray-traced
multi-view synthetic dataset for novel view synthesis.
ECCVW, 2022. 8, 11

Nagano, Towaki

Richard Tucker and Noah Snavely. Single-view view

synthesis with multiplane images. In CVPR, 2020. 4

Basile Van Hoorick, Purva Tendulkar, Didac Suris,
Dennis Park, Simon Stent, and Carl Vondrick. Re-
vealing occlusions with 4D neural fields. In CVPR,
2022. 4, 14

Haochen Wang, Xiaodan Du, Jiahao Li, Raymond A
Yeh, and Greg Shakhnarovich. Score jacobian chain-
ing: Lifting pretrained 2D diffusion models for 3D gen-
eration. In CVPR, 2023. 3, 4, 7,9, 10, 11, 13, 15
Zhicheng Wang, Kyle
Howard Zhou, Jonathan T

Barron, Ricardo Martin-Brualla, Noah Snavely, and

iangian Wan, Genova
b b

Pratul P Srinivasan,
Thomas Funkhouser. IBRNet: Learning multi-view
image-based rendering. In CVPR, 2021. 4

Zhou Wang, Alan C Bovik, Hamid R Sheikh, and
Eero P Simoncelli. Image quality assessment: from
error visibility to structural similarity. IEEE Transac-

tions on Image Processing, 13(4):600-612, 2004. 11

Daniel Watson, William Chan, Ricardo Martin-
Brualla, Jonathan Ho, Andrea Tagliasacchi, and Mo-
hammad Norouzi. Novel view synthesis with diffusion

models. In ICLR, 2023. 4

Wikipedia. Spherical coordinate system — Wikipedia,
the free encyclopedia. http://en.wikipedia.org/
w/index.php?title=Spherical’,20coordinate,

20system&oldid=1142703172, 2023. [Online; accessed

14-March-2023]. 19


http://en.wikipedia.org/w/index.php?title=Spherical%20coordinate%20system&oldid=1142703172
http://en.wikipedia.org/w/index.php?title=Spherical%20coordinate%20system&oldid=1142703172
http://en.wikipedia.org/w/index.php?title=Spherical%20coordinate%20system&oldid=1142703172

(58]

[59]

(60]

[61]

(62]

(63]

[64]

(65]

(66]

[67]

(68]

Markus Worchel, Rodrigo Diaz, Weiwen Hu, Oliver
Schreer, Ingo Feldmann, and Peter Eisert. Multi-view
mesh reconstruction with neural deferred shading. In
CVPR, 2022. 4

Chao-Yuan Wu, Justin Johnson, Jitendra Malik,
Christoph Feichtenhofer, and Georgia Gkioxari. Mul-
tiview compressive coding for 3D reconstruction.
arXiv:2301.08247, 2023. 4, 10, 13, 22

Jiajun Wu, Yifan Wang, Tianfan Xue, Xingyuan Sun,
Bill Freeman, and Josh Tenenbaum. MarrNet: 3D
shape reconstruction via 2.5D sketches. In NeurIPS,
2017. 4

Dejia Xu, Yifan Jiang, Peihao Wang, Zhiwen Fan, Yi
Wang, and Zhangyang Wang. NeuralLift-360: Lift-
ing an in-the-wild 2D photo to a 3D object with 360°
views. In CVPR, 2023. 4

Qiangeng Xu, Weiyue Wang, Duygu Ceylan, Radomir
Mech, and Ulrich Neumann. DISN: Deep implicit sur-
face network for high-quality single-view 3D recon-
struction. In NeurIPS, 2019. 4

Alex Yu, Vickie Ye, Matthew Tancik, and Angjoo
Kanazawa. pixelNeRF: Neural radiance fields from one
or few images. In CVPR, 2021. 4

Richard Zhang, Phillip Isola, Alexei A Efros, Eli
Shechtman, and Oliver Wang. The unreasonable ef-
fectiveness of deep features as a perceptual metric. In
CVPR, 2018. 11

Zhizhuo Zhou and Shubham Tulsiani. Sparsefusion:
Distilling view-conditioned diffusion for 3d reconstruc-
tion, 2022. 15

Silvia Zuffi, Angjoo Kanazawa, Tanya Berger-Wolf,
and Michael J Black. Three-D safari: Learning to es-
timate zebra pose, shape, and texture from images” in
the wild”. In ICCV, 2019. 2

Silvia Zuffi, Angjoo Kanazawa, and Michael J Black.
Lions and tigers and bears: Capturing non-rigid, 3D,
articulated shape from images. In CVPR, 2018. 2
Silvia Zuffi, Angjoo Kanazawa, David Jacobs, and
Michael J. Black. 3D menagerie: Modeling the 3D
shape and pose of animals. In CVPR, 2017. 2

18



Bk
A bR S DL

& 11: BRABFRZ [57]0

11

BATHIER AL AR R RS AL B S A 2e e, 4n
11 R, REMEHOLNERRRE R, BATATH 6.
ov v PHIFTRAL IR (FIFORIEERD
PR, BAHEATH 50— (L2 XYZ AL
JitK [<0.5,0.5]> o SRJEREARNLALA, i 0 < [0, 7]\

19

¢ € [0,2n] YIS B BAAIERIE, » EIXHE] [1.5,2.2] N
SRR, IZREE, 24SRAERISR B AR R A 1R 2,
WHMNIALE (01, ¢1,7m1) F1 (02, po,r2), TATHEEA]
AR st AL (02 — 01,2 — ¢1,m2 —r1)o BT
FENLGRLARIAAAR R TP, AN RERE R ALAE BR AR
RPN EME—FE, BAMBREEVKEMS AN
49.1°, FERAEHLIENURRL,

HT AR ARNAESE, BATH ¢ — [sin(), cos(¢)]
X HEGRE, BEE, EVIZRFIHEER, SHEERHER AL
A ZE AL IS NME [0, sin(¢), cos(o), r] I [F]— 5k kA

g — R N U BT
B. HEHE
FRATH Blender [2] ERMIRSHRENIIZRE, A

TRIE J ARSI F B Objaverse [8] fE&E ARG
JE2, X Objaverse AV MK, FRATBEHLRAE 12
MRFA, R Blender B Cycles 515, #5004k 128
PRIFFFEL A —F RMRERFKE R, FraEIGRE
512x512 pHERIESR, BEIE RH A AER, RII1E
i ABE LRI ETR IR, S, JATRIAESR 74
1000 /35K B B EE S,

C. tif Stable Diffusion

Thttps://github.com/allenai/objaverse-rendering
2https://github.com/allenai/objaverse-rendering


https://github.com/allenai/objaverse-rendering
https://github.com/allenai/objaverse-rendering

BATHE RGN NEAREME— D IIZM Stable
Diffusion BERHATHM A G e BT Stable
Diffusion M£%3f3E AZBASSCAR IR A N 561, 2k
EREREBCR B EGZMEE, WEMEL Stable
Diffusion ZEMIMEREN IR, X—KEh Bl [1] 2R,
PATVE F AT TR AT A TS e R HE— 2 LA A BE [R] A
BCK B BG40 B 5 XN, FRATHEE
%1 CLIP # N (4EFZ 768) SMiZimeE (4 4) $f
%7, IH0BS — 1 2ERE (172 — 768), DAFATR
S5y BRI A . RENY SRR N E MR
10x, MILRZEMHIE R E 53 5 R4 Stable Diffusion ££
F—3,

C.1. 1)lIZrgy

MZREEH AdamW [28], 2E3J&N 1071, &EH], F
MZAE R FEG PR (BIGRST 512 x 512, 7&7E

20

HEFE 64 x 64) FIIFOL NARAN 192 IR, R, K
MEABX SEURSEE, kBT EZE R, HTRELG
Stable Diffusion FJYIZRIAAREE ALK/ 3072, FATTRE
JEAREG R I INE 256 x 256 (RS BB £ 4E R %Ny
32 x 32), DAMEHEHA/INERE] 1536, HA/NTRA-H
KT ARG R e MR B e E R SOR . FRAT
[F—5H 8xA100-80GB HIHLZR RIS 7 K,

C.2. HERIAT

1E—H RTX A6000 GPU F, Zero-1-to-3 AEi—1
HAANTE 2 B ER, UETIFEEEZEINE -
NeRF A REEYSHLA, FENEKBZ, M2, il
(77 IERE T =g EE S A A RGN,
Ff & RO FERE PR, SEARHE M R R 2R
T AR SRR B 2 B K BRI = 4EYp IR IR,
FHLAS {6 P LS R, FeATT 2 S0 sk UG it
— NI E RERTA 3], BREMEN Zero-1-to-3
LTINS

D. =4



55481 Score Jacobian Chaining (SJC) SEIIAIH,
BATEERT” 2L (emptiness loss) F17 HULMR
K7 (center loss)o MIENI{E VoxelRF F/R, FATAIHH
e R— KRR, RN HGEE R, XA T —
AN YRR TLAANE e R SO0E 6 5 D N S A E
Bo IARIEHERYIAR R HIALIE It HA H, Al
KEHEINBT A — B RR, SRATRMNEE— U A vE S
HI B 5 AR FEATLRAE AN A T8 G 5 — B R Z (AT Y

o BTN P FH YIRS B P50 A — BUEIR
BB, B ST WAE I SR — R 42 22 A,
fE—H RTX A6000 GPU k-, X —ikEBTEM—IRE
B BT 30 70

WA 2 ER

FA1324n R 772 VoxelRF F2 A2 B = 4 R 1%,
B PR 200 EEBBEENMIE, REHRS
N (7,7,7) RIBHETE B0 & MRS, PR ST
M (5,5,5) RIGMEF. &g, NATSEEMEZEIT
Marching Cubes, ¥ d % EEMMEHIESE, X GSO
BEs, BAMEA 8d MEERIE, X RTMV #Es,
FAVER 4d 1% RE,

P

21

SeitEE =4ET R i = 4E TR 3 — (b B sR A7
RN, NitAEEMAERE (CD), FAIBENLIRAE 2000
M. A Point-E #1 MCC, E#EMEMTM R SH
Kb, NEBATHI T ERM SIC-T, T NEEFEEH 1 =4E R 1%
ERAEAL BATEZPER 643 EIHEIRE ToU, XNFA
75 7%. Point-E #1 SJC-I, A Marching Cubes £
BN =4ERE MM AR, M MCC, NMERZ S
T8 GLAE T AR 2 f AR R,

E. &k

NEGBENTIEREREE R 28, BNA5HE
PDUR SR 7T I b (1) TERAEARIRE N LIE; (2)
DAL RGB EENHIA; (3) BB /ISHLIAE
SR, HRETESTERN M NBIEIERL, XA iidIX
e BRI SEBRANT

E.1. DietNeRF

BAMEA GitHub' _EME AL, BREHERERN, %
RIS H FHEEA R MSE 5 — 805 M Sk M/ 041 £
NeRF fltft, EHAIEMSHIE PixelNeRF fHXAIIIEE,

Shttps://github.com/ajayjain/DietNeRF
4https://github.com/ajayjain/DietNeRF



https://github.com/ajayjain/DietNeRF
https://github.com/ajayjain/DietNeRF

NI, BATRMS [23] FE NeRF & RfE4
EFTEERMHRRESE ISR SR, AN
TSR EE AL ZTE RS NeRF,

E.2. Point-E

BAMEA GitHub® _ERYE 77 SEEIFm 2 8, &
TMAETAEESE, R R B ok i A EG
M =EEE, NG REET 1k, RILTCHMIEmgE
RN F5 Bl RIS TEBCR BN T %, MIER
SR 128,

E.3. MCC

BAEM GitHub® ERIETT KB, HTIZ7TRER
PUFB R R =imAE RGB BB, BATISEHEN—
MELIURATAT R BT [35], DA —MRIEERIR
FEMGTHTTTE [12, 11] MOAEEE, oFRE UL, BATTHEAr
HBSEIRFS 0] PRRFHA, ARSI
o PP =4EEE, FADSHMEERIT 1L, TZAEM1
Sh2lEe, BS=4EREIR

Shttps://github.com/openai/point-e
Shttps://github.com/openai/point-e
"https://github.com/facebookresearch/MCC
Shttps://github.com/facebookresearch/MCC
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