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) -LJ:B&%EH}% E H}i E’\JE{ZIS ;}IL&E Magic3D is a two-stage coarse-to-fine framework that

° \/\ 8 . N - = -
'_5 -l'by E’] MethOd Se?tl onX :I-F—‘Z uses efficient scene models that enable high-resolution text-
° %[fﬂj] 1?@% IE%EE;%‘ to-3D synthesis (Fig. 2). We describe our method and key

differences from DreamFusion [33] in this section.
4.1. Coarse-to-fine Diffusion Priors
4.2. Scene Models

4.3. Coarse-to-fine Optimization

We describe our coarse-to-fine optimization procedure,
which first operates on a coarse neural field representation
and subsequently a high-resolution textured mesh.
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. 1_5 i/t\;jﬂ"] Method secti oni{f }—‘— 3 Neural Radiance Field Scene Representation
° ?_EEEJJ -Ig@ %}E%gﬁ;ﬁ We represent a continuous scene as a 5D vector-valued function whose input is

4 Volume Rendering with Radiance Fields

Our 5D neural radiance field represents a scene as the volume density and di-
rectional emitted radiance at any point in space. We render the color of any ray

5 Optimizing a Neural Radiance Field

In the previous section we have described the core components necessary for
modeling a scene as a neural radiance field and rendering novel views from this
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3.1. Modeling Dynamic Scenes with Point Clouds

4D embedding. Given the coarse point clouds of the target
scene, we represent its dynamic geometry and appearance
using neural networks and feature grids. Specifically, our
method first defines six feature planes 0y, 0, 0,2, 0tz, Oty,
and 0;,. To assign a feature vector f to any point x at frame ¢,
we adopt the strategy of K-Planes [19] to model a 4D feature
field ©(x,t) using these six planes:

f=0(x,t) = 0zy(z,y) ® 0z.(x, 2) D by.(y, 2)®
atz (t7 x) EB ety (t7 y) @ etz (ta Z), (1)

where x = (z,y, 2) is the input point, and & indicates the
concatenation operator. Please refer to K-Planes [19] for
more implementation details.

Geometry model. Based on coarse point clouds, the
dynamic scene geometry is represented by learning three
entries on each point: position p € R3, radius r € R, and
density o € R. Using these point entries, we calculate the
volume density of space point x with respect to an image
pixel u for the volume rendering, which will be described in
Sec. 3.2. The point position p is modeled as an optimizable
vector. The radius r and density o are predicted by feeding
the feature vector f in Eq. (1) to an MLP network.

Appearance model. As illustrated in Fig. 2c, we use the

frmmnnma hlandinas tanhanica and tha crnhawianl hawaaanias 7O

«ZI2NTE @ A d) Differentiable Depth Peeli
(c) ppearance ) \() ifferentiable Depth Peeling }

3.2. Differentiable Depth Peeling
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Fig.2: An overview of our neural radiance field scene representation and differ-
entiable rendering procedure. We synthesize images by sampling 5D coordinates
(location and viewing direction) along camera rays (a), feeding those locations
into an MLP to produce a color and volume density (b), and using volume ren-
dering techniques to composite these values into an image (c). This rendering
function is differentiable, so we can optimize our scene representation by mini-
mizing the residual between synthesized and ground truth observed images (d).

Figure 2: Method overview. (a) Our OmniMotion representation is comprised of a canonical 3D volume G and a set of bijections 7
that map between each frame’s local volume L; and the canonical volume G. Any local 3D location :; in frame ¢ can be mapped to its
corresponding canonical location u through 73, and then mapped back to another frame j as a; through the inverse mapping 7}’1. Each
location u in G is associated with a color ¢ and density o, d using a coordi based MLP Fp. (b) To compute the corresponding
2D location for a given query point p; mapped from frame ¢ to j, we shoot a ray into L; and sample a set of points {zf}f:, , which are then
mapped first to the canonical space to obtain their densities, and then to frame j to compute their corresponding local 3D locations {mf}kK: 1.
These points {m;‘}le are then alpha-composited and projected to obtain the 2D corresponding location p;.
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Figure 2. Overview of our approach. We learn topology, materials, and environment map lighting jointly from 2D supervision. We
leverage differentiable marching tetrahedrons to directly optimize topology of a triangle mesh. While the topology is drastically changing,
we learn materials through volumetric texturing, efficiently encoded using an MLP with positional encoding. Finally, we introduce a
differentiable version of the split sum approximation for environment lighting. Our output representation is a triangle mesh with spatially
varying 2D textures and a high dynamic range environment map, which can be used unmodified in standard game engines. The system is
trained end-to-end, supervised by loss in image space, with gradient-based optimization of all stages. Spot model by Keenan Crane.

Iraining

Inference

Z Wi —| i
Av,
Geometry generator
N(0,T) T8
Z3 W32 A
reshape
N(0,I)
Mapping network Texture generator

Textured mesh

Real /Fake?

RGB image

[ a stuffed grey rabbit holding a pretend carrot ]

Low-resolution
optimization

High-resolution

camera optimization

camera

W pe

C
render
low

2D Silhouette V] image diffusion

prior
update

latent diffusion
prior

encoder
Discriminators

Differentiable rendering

Figure 2: Overview of GET3D: We generate a 3D SDF and a texture field via two latent codes. We
utilize DMTet [60] to extract a 3D surface mesh from the SDF, and query the texture field at surface
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points to get colors. We train with adversarial losses defined on 2D images. In particular, we use

a rasterization-based differentiable renderer [37] to obtain RGB images and silhouettes. We utilize
two 2D discriminators, each on RGB image, and silhouette, respectively, to classify whether the
inputs are real or fake. The whole model is end-to-end trainable. Note that we additionally provide

an imnroved version of our Generator in Annendix A.5 and Fie. C.

Figure 2. Overview of Magic3D. We generate high-resolution 3D content from an input text prompt in a coarse-to-fine manner. In the first
stage, we utilize a low-resolution diffusion prior and optimize neural field representations (color, density, and normal fields) to obtain the
coarse model. We further differentiably extract textured 3D mesh from the density and color fields of the coarse model. Then we fine-tune it
using a high-resolution latent diffusion model. After optimization, our model generates high-quality 3D meshes with detailed textures.
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Figure 1. We introduce a method to reconstruct the 3D position and pose of a person from their thermal reflections in everyday objects
with non-planar surfaces. Given an RGBD image and a thermal image in the middle of the figure, our method is able to recover the 3D
mesh of the person (blue) as well as the objects (pink), even though they are not within the field of view of the camera system. Our system
never sees the scene on the left, which is only shown for visualization purposes.
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Fig. 1. This work presents an approach for efficiently rendering neural radiance fields by restricting volumetric rendering to a narrow band around the object.
Left: We first fit a dense neural volume using a new spatially-varying kernel that automatically adapts to be large in volumetric regions such as hair or grass,
and small in sharp-surface regions such as skin or furniture. We then extract an explicit bounding mesh of the region to be rendered whose width is determined
by the kernel, and render at real-time rates. Right: the proposed method is general and effective across a wide range of data and well-suited for downstream
applications such as simulation and animation. The face model of the Khady synthetic human shown left is courtesy of texturing.xyz.

Figure 1: We present a new method for estimating full-length motion trajectories for every pixel in every frame of a video, as illustrated by
the motion paths shown above. For clarity, we only show sparse trajectories for foreground objects, though our method computes motion for
all pixels. Our method yields accurate, coherent long-range motion even for fast-moving objects, and robustly tracks through occlusions as
shown in the dog and swing examples. For context, in the second row we depict the moving object at different moments in time.
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Examples

For an overview of the plotting methods we provide, see Plot types
This page contains example plots. Click on any image to see the full image and source code

For longer tutorials, see our tutorials page. You can also find external resources and a FAQ i
user guide.

A Tagging!

You can also browse the example gallery by tags.

Lines, bars and markers

Grouped bar
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Bar color demo Bar Label Demo Stacked bar chart
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KR AERNE

. EE Z; |_.| 7‘3— /£ yj- l:t 7= Hj E = E/] ﬁ[' ;g, Method . Grad.  Sharp Features  Uniform  Intersection-Free = 2-Manifold

MC [Lorensen and Cline 1987] v E ® v ®

PositionH SR A DC [Ju et al. 2002] ® v ® ® ®

. 1J:1,k%7 RS = NDC [Chen et al. 2022b] ® v v v ®

e = Iﬁlﬁ ?ﬁ T *H %Iﬂ; DMC [Nielson 2004] Centroid v 4 v v v

DMC [Schaefer et al. 2007] QEF ® v v v v

’ -LJ:E = E,\]A T %t': 7 ‘EJZ Template Mesh [Liu et al. 2019] ® ® v 4 v

DMTet [Shen et al. 2021] v v ® v v

FLEXICUBES v v v ® v

Method Geometry Factorize Training Inference Method Application Representation | Supervision  Textured mesh  Arbitrary topo

NeRF [45] NV day seconds OccNet [43] 3D generation Implicit 3D X v
NGP-NeRF [47] | NV minutes  ms PointFlow [68] 3D generation Point cloud 3D X v
NeRD [5] NV v days seconds Texture3D [53] | 3D generation Mesh 2D v X
NerFactor [79] NV v days seconds StyleNerf [25] 3D-aware NV Neural field 2D X v
PhySG [77] NS v day seconds EG3D [8] 3D-aware NV Neural field 2D X v
NeusS [67] NS day seconds PiGAN [7] 3D-aware NV Neural field 2D X v
Our Mesh . hour ms GRAF [57] 3D-aware NV Neural field 2D X v
Ours 3D generation Mesh 2D v v

Table 1. Taxonomy of methods. NV: Neural volume, NS: Neural
surface. Factorize indicates if the method supports some decom-

Table 1: Comparison with prior works. (NV: Novel view synthesis.)
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IERIFRIERITS

« https://github.com/jonbarron/tabilize/blob/main/tabilize.ipynb

Scale Factor: 1x 2% 4x 8%
Error Metric: | PSNR1 SSIM1 LPIPS | |PSNRT SSIM1 LPIPS| |PSNR1 SSIM1 LPIPS | |PSNR1 SSIM1 LPIPS | | Time (hrs)
Instant NGP [21, 32] 24.36 0.642 0.366 25.23 0.712 0.251 26.84 0.809 0.142 28.42 0.877 0.092 0.15
mip-NeRF 360 [3, 20] 27.51 0.779 0.254 29.19 0.864 0.136 30.45 0912 0.077 30.86 0.931 0.058 21.86
mip-NeRF 360 + iNGP 26.46 0.773 0.253 27.92 0.855 0.141 27.67 0.866 0.116 25.58 0.804 0.160 0.31
Our Model 28.25 0.822 0.198 30.00 0.892 0.099 31.57 0.933 0.056 82559, 0.954 0.037 0.90
A) Naive Sampling 27.93 0.797 0.233 29.70 0.880 0.114 29.24 0.887 0.094 26.53 0.820 0.144 0.53
B) Naive Supersampling (6 %) 27.48 0.803 0.224 29.03 0.881 0.109 28.42 0.881 0.097 25.97 0.810 0.151 2.54
C) Jittered 27.91 0.797 0.233 29.60 0.879 0.116 29.45 0.893 0.090 27.58 0.855 0.120 0.55
D) lJittered Supersampling (6 %) 27.50 0.810 0.212 28.99 0.884 0.105 28.91 0.896 0.086 27.65 0.870 0.109 3.04
E) No Multisampling 28.15 0.817 0.208 29.87 0.886 0.105 31.33 0.927 0.061 32.12 0.948 0.043 0.54
F) No Downweighting 28.22 0.818 0.205 29.94 0.889 0.102 | 31.25 0.928 0.060 31.67 0.944 0.046 0.88
G) No Appended Scale w 28.23 0.820 0.200 29.98 0.890 0.101 31.48 0.931 0.057 32.19 0.951 0.041 0.89
H) Random Multisampling 28.09 0.816 0.207 | 29.75 0.886 0.106 | 31.18 0.928 0.061 32.03 0.950 0.042 0.95
I) Unscented Multisampling 28.27 0.822 0.198 30.03 0.891 0.100 31.57 0.933 0.056 32.46 0.954 0.038 1.11
J) No New Interlevel Loss 28.12 0.824 0.196 29.82 0.892 0.098 31.31 0.932 0.056 32.23 0.953 0.039 0.86
K) No Weight Decay 27.34 0.814 0.203 28.91 0.881 0.109 30.29 0.921 0.067 31.23 0.941 0.050 0.90
L) Un-Normalized Weight Decay | 27.99 0.821 0.196 29.65 0.889 0.100 31.10 0.930 0.058 32.09 0.951 0.040 0.91
M) Small View-Dependent MLP 27.41 0.811 0.207 28.98 0.882 0.109 30.32 0.924 0.065 31.11 0.944 0.047 0.63

Tips: A—%pre-definedFHIi1 7~


https://github.com/jonbarron/tabilize/blob/main/tabilize.ipynb
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Shelly DTU NeRFSynthetic
e PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS |
° 3
'l«J:'l;E% E Hﬁ E %%‘l = NeRF [Mildenhall et al. 2020] | 31.27 0.893 0.157 28.51 0.894 0.183 31.01 0.947 0.081
° }EI,HE_;Z_?F EI\] 4t % 4;/—\—5‘— S NeuS [Wang et al. 2021] 29.98 0.893 0.158 28.92 0.913 0.168 / / /
] .’—\—. NP by N &  Mip-NeRF [Barron et al. 2021] | 32.59 0.899 0.148 28.90 0.900 0.179 33.09 0.961 0.043
. g O 516 5({]‘ SH én ]# 1TEIR Ours (full ray) 3426 © 0932  0.104 33.51 0.901  0.081 3251@ 0962  0.048
© I-NGP [Miller et al. 2022] 3322 0922 0.125@ | 31.37@  0.932 0.139@ | 33.18 / /
£ MobileNeRF [Chen et al. 2023] | 31.62 0.911 0.129 / / / 30.90 0.947 0.062
§ VMesh [Guo et al. 2023] / / / / / / 30.70 0.947 0.060
~ Ours 36.02 0.954 0.079 33.37 0.964 0.077 31.84 0.957@® 0.056®
Category Method OV (%, 1) MMD ) il 00} Category Method COV (1) MMD () DI
LFD CD LFD CD Ori 3D LFD CD LFD CD Ori 3D
PointFlow [68] 5191 57.16 1971 0.82 - - PointFlow [68] 50.68 63.01 4023 1.38 - -
OccNet [43] 2729 4263 1717 0.61 - - OccNet [43] 30.14 4795 4551 2.04 - -
Pi-GAN [7] 0.82 0.55 6626 25.54 52.82 104.29 Pi-GAN [7] 2.74 6.85 8864 21.08 72.67 131.38
Car GRAF [57] 1.57 1.57 6012 10.63 4995 52.85 Mbike GRAF [57] 4384 50.68 4528 240 83.20 113.39
EG3D [8] 60.16 49.52 1527 0.72 1552 21.89 EG3D [8] 38.36 3425 4199 221 66.38 89.97
Ours 66.78 58.39 1491 0.71 1025 10.25 Ours 67.12 67.12 3631 1.72 65.60 65.60
Ours+Subdiv. 6248 5593 1553 072 12.14 12.14 Ours+Subdiv. 63.01 61.64 3440 1.79 54.12 54.12
Ours (improved G) 59.00 4795 1473 0.81 10.60 10.60 Ours (improved G) 69.86 65.75 3393 1.79 4890 48.90
PointFlow [68] 49.58 71.87 3755 3.03 - - PointFlow [68] 4270 74.16 4885 1.68 - -
OccNet [43] 61.10 67.13 3494 398 - - OccNet [43] 56.18 75.28 4418 2.39 - -
Pi-GAN [7] 53.76  39.65 4092 6.65 6570 120.53 Pi-GAN [7] 3146 3034 6084 837 36.26 150.86
Chair GRAF [57] 50.23 39.28 4055 6.80 43.82 61.63 Animal GRAF [57] 60.67 61.80 5083 4.81 42.07 5248
EG3D [8] 5831 50.14 3444 472 38.87 46.06 EG3D [8] 74.16 5843 4889 342 40.03 8347
Ours 69.08 69.91 3167 3.72 2328 23.28 Ours 79.77 78.65 3798 2.02 2833 28.33
Ours+Subdiv. 7159 70.84 3163 395 2317 2317 Ours+Subdiv. 66.29 74.16 3864 2.03 2849 2849
Ours (improved G)  71.96 71.96 3125 396 2241 2241 Ours (improved G) 74.16 82.02 3767 197 27.18 27.18
VAN — ¥ <
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3z
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Shelly DTU NeRFSynthetic
PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS| | PSNRT SSIMT LPIPS |
NeRF [Mildenhall et al. 2020] 31.27 0.893 0.157 28.51 0.894 0.183 31.01 0.947 0.081
E NeuS [Wang et al. 2021] 29.98 0.893 0.158 28.92 0.913 0.168 / / /
% Mip-NeRF [Barron et al. 2021] 32.59 0.899 0.148 28.90 0.900 0.179 33.09 0.961 0.043
—_I-%éfg Ours (full ray) 34.26 0.932 0.104 33.51 0.901 0.081 32510  0.962 0.048
© I-NGP [Miiller et al. 2022] 33.22 @ 0922 (0.125@ 3137 @ 0.932 0.139 @ 33.18 / /
-E MobileNeRF [Chen et al. 2023] 31.62 0.911 0.129 / / / 30.90 0.947 0.062
§ VMesh [Guo et al. 2023] / / / / / / 30.70 0.947 0.060
~ Ours 36.02 0.954 0.079 33.37 0.964 0.077 31.84 0.957@® 0.056 @
Category Method OV (%, 1) MMD ) il 00} Category Method COV (1) MMD () DI
LFD CD LFD CD Ori 3D LFD CD LFD CD Ori 3D
PointFlow [68] 5191 57.16 1971 0.82 - - PointFlow [68] 50.68 63.01 4023 1.38 - -
OccNet [43] 2729 4263 1717 0.61 - - OccNet [43] 30.14 4795 4551 2.04 - -
Pi-GAN [7] 082 055 6626 2554 52.82 10429 Pi-GAN [7] 274 685 8864 21.08 72.67 131.38
Car GRAF [57] 1.57 157 6012 10.63 4995 52.85 Mbike GRAF [57] 4384 50.68 4528 240 8320 113.39
EG3D [8] 60.16 49.52 1527 0.72 1552 21.89 EG3D [8] 3836 3425 4199 221 6638 89.97
Ours 66.78 5839 1491 0.71 1025 10.25 Ours 67.12 67.12 3631 172 65.60 65.60
Ours+Subdiv. 6248 5593 1553 072 12.14 12.14 Ours+Subdiv. 63.01 61.64 3440 179 5412 5412
Ours (improved G)  59.00 47.95 1473 0.81 10.60 10.60 Ours (improved G) 69.86 6575 3393 1.79 4890 48.90
PointFlow [68] 49.58 71.87 3755 3.03 - - PointFlow [68] 42770 74.16 48385 1.68 - -
OccNet [43] 61.10 67.13 3494 398 - - OccNet [43] 56.18 7528 4418 239 - -
Pi-GAN [7] 5376 39.65 4092 6.65 6570 120.53 Pi-GAN [7] 3146 3034 6084 837 36.26 150.86
Chair GRAF [57] 50.23 39.28 4055 6.80 43.82 61.63 Animal GRAF [57] 60.67 61.80 5083 4.81 42.07 5248
EG3D [8] 5831 50.14 3444 472 3887 46.06 EG3D [8] 74.16 58.43 4889 342 40.03 8347
Ours 69.08 6991 3167 3.72 2328 2328 Ours 79.77 78.65 3798 2.02 2833 2833
Ours+Subdiv. 71.59 70.84 3163 395 2317 23.17 Ours+Subdiv. 6629 74.16 3864 2.03 2849 2849
Ours (improved G)  71.96 71.96 3125 3.96 2241 2241 Ours (improved G) 74.16 82.02 3767 197 27.18 27.18
VAN —F
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Volumetric Video Viewer - 259.915 FPS
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Real-time rendering GUI
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Flexible Isosurface Extraction for
Gradient-Based Mesh Optimization

FlexiCubes is a flexible isosurface extraction method
that supports gradient-based mesh optimization

How FlexiCubes works
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Our method enables optimizing 3D
e en physics objectives

Text to 3D Generation

defined on meshes

Mesh Optimization with Isosurfacing Methods

shapes with
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FlexiCubes is a flexible isosurface extraction method
that supports gradient based mesh optimization

We show results on downstream applications
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Thanks for watching © !!!
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Mesh Optimization with Isosurfacing Methods

Sanity check: optimize the underlying implicit field
through isosurfacing methods
to match a Ground Truth shape
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Mesh Optimization with Isosurfacing Methods
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* From Songyou Peng:
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* https://jrnold.qithub.io/ggthemes/reference/tableau color pal.html
« https://coolors.co/palettes/trending
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