XIiF
TR

(i 5B

CADCG&GCDC &1V +HK, 8/24/2018



- PR =R E

- IR = 4R RATRER

- BIN=2) 1SR

- IR =R A

- i



2 | Rl RRAY I\ F A0

AN SHRBHEEE, W EREV € RK
it RS SRR SN SRS




HIFES

- —ARFOEE f~1:V - 3D content

- SEULKIS
- B8
= FEER RN 2%
« HIHEZ ML (CNN)
= R R ZE (RNN)

3B



R EREATRE
AL

- JUASMISHTS. o0E, =

= FELL

TN »:%EE
- 4EK. IHAS — -

- S (FrXmASERtIERES)

'EjTEI__IJ %\é\ W'f?) %\é




EERT (FRRERTR) BHERER (EUERTR)

- SZUENE o

- fSTUHIE - (R
- CSG - PR

" BREP - ZAE]
- o HHE

3, &l XIR...



[REIRFTIE
- BEGERIA
- EERIA

REEIRFRIE
- BISTRIA

- ZERMEERIA

FEERE

- TIREBYRIA

- MIHERIEERIA

- ERE (MIARZIE)







ARN{ARZZ (REGULAR GRID, VOXELS)

- RKX: DEMNLON MR, KEZES (00 =; 10 )

« B8 L{E: 3D-GAN [Wu et al. 2016] (VAE&GAN), 3D-R2N2 [Choy et al. 2016]
(RNN), 3D-IWGAN][Smith et al. 2017](VAE&WGAN),....




JM{AZX (REGULAR GRID, VOXELS)

- (XFET/E: 3D-GAN [Wu et al 2016]
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AUN{RZZ (REGULAR GRID, VOXELS)

- (XFET/E: 3D-GAN [Wu et al 2016]

-

e ‘ - \ —x ] | .
g L Al | f

Learning a Probabilistic Latent Space of Object Shapes via 3D Generative-Adversarial Modeling, NIPS 2016
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HNMI4AZZ (REGULAR GRID, VOXELS)

- U 2D GIHERE 28D, ERENITIFEZE=.
IR O(N3)TEIEHRE - AFFHA, JIZREK,. FHMNESZHRS

323, 643 DR, ERAINEHEAR.




FEEniANZ (SPARSE VOXEL)

=& HOERNREREA=4E0R. R=rmic: bR WEB. 857

\

“5:4
NS

EEL{E: OctGen [Tatarchenko et al. 2017](/ \RW) OctFusion

[Riegler et al. 2017](/\X#); HSP[Hane et al. 2017](/\X#); AOCNN
[Wang et al. 2018] (BEi&ERL/ \ SZH).




FEEniANZ (SPARSE VOXEL)

XZFRI{E: OctGen [Tatarchenko et al. 2017]

p2%: MEDIHERGRTTIE, TSRS WRFTNIYMRKRE, 4842
BIDZIRER.

Octree Octree Octree

OGNConyv

level 1 level 2 level 3 —

OGNProp
—
one or
| ] | |
7 | | | |
dz 13
conv
[ propagated features
OGNLoss [ empty
- -
B filled
] mixed

Ground truth Prediction




FEEniANZ (SPARSE VOXEL)

KZEIL{E: OctGen [Tatarchenko et al. 2017] Category | ReNZ 0] | OO | Dense

Plane 0513 | 0.587 | 0.570
Bench 0.421 | 0.481 | 0.481
1283 2563 GT 2563 Cabinet 0.716 | 0.729 | 0.747
Car 0.798 | 0.816 | 0.828
Chair 0.466 | 0.483 | 0.481
Monitor 0.468 0.502 | 0.509
Lamp 0.381 | 0.398 | 0.371
Speaker 0.662 0.637 | 0.650

' Firearm 0.544 0.593 | 0.576
Couch 0.628 0.646 | 0.668
Table 0.513 0.536 | 0.545

5 . 5 Mean 0.560 0.596 | 0.590
BB =4EEE323, 10U LHiRE]

Cellphone 0.661 0.702 | 0.698

Watercraft 0.513 0.632 | 0.550
Octree generating networks: efficient convolutional architectures for high-resolution 3D outputs, ICCV 2017.
i":f:;.;




#m{AK2 (REGULAR GRID, VOXELS)

LR O(N?) EZUE, BIERFE. 0iEf1283, 2563, 512350 #ER,
A IKEE ST,

Al v -

Hierarchical Surface Prediction for 3D Object Reconstruction, 3DV 2017.




=z~ (POINT CLOUD)
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 SB_1L1E: PSG [Fan et al. 2017], [Achlioptas et al. 2017]




Az~ (POINT CLOUD)

- X=X I {F: PSG [Fan et al. 2017]
- %S BERL, BT REI=ENE.

conv deconv fully connected set union concatenation
input % — — — — — — —
pyooAn2 — ¢ 1 Encoder
point gut Predictor
set . .
vanilla version
input L — — — — — — e
ryin2 —t ' v v l Encoder
e ittt T T T R el CEEE R,
point  out ( — —— Predictor
set
two prediction branch version
nput &, —»> —»> —»> —» —»> —> e —
in2 A ¥ ¥ ¥ L4 ¥ Encoder
I.v. > — |
. Ot == e e e e e e e e e e - 1= -~ = = s i - = = S = = iy 7 et [---- L
point “ - « « “ Decoder
set | Y Y Y A4
______________ ¥ e e e e = - — _—— e o
— 1 —L —L— B ___md = Encoder
Y Y Y 1
<— 1-1— 1—1— 4—L Predictor

hourglass version

A point set generation network for 3D object reconstruction from a single image, CVPR 2017




Sz (POINT CLOUD)

&
.

PSG [Fan et al. 2017]

category 01}r5 . SD_.RZNZ -
1 view | 1 view | 3 views | 5 views

plane 0.601 | 0.513 0.549 0.561
bench 0.550 | 0.421 0.502 0.527
cabinet 0.771 0.716 0.763 0.772
car 0.831 0.798 0.829 0.836
chair 0.544 | 0.466 0.533 0.550
monitor 0.552 | 0.468 0.545 0.565
lamp 0.462 | 0.381 0415 0.421
speaker 0.737 | 0.662 0.708 0.717
firearm 0.604 | 0.544 0.593 0.600
couch 0.708 | 0.628 0.690 0.706
table 0.606 | 0.513 0.564 0.580

cellphone | 0.749 0.661 0.732 0.754
watercraft | 0.611 0.513 0.596 0.610
mean 0.640 0.560 0.617 0.631

A point set generation network for 3D object reconstruction from a single image, CVPR 2017

Q 19(E




Sz (POINT CLOUD)

- {{ZXT{E: [Achlioptas et al.2017] (Latent GAN + GMM)
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(MESH)

- KX —HE

- %3 Filltemplate TSHIZEAZBRET, LANMIBGHTHIFZR,

- E28I1E
- B8 g A

(25 A =R MISZRIA =4ERK

= SurfNet: Generating 3D shape surfaces using deep residual networks, CVPR 2017.
= Pixel2Mesh: Generating 3D Mesh Models, from Single RGB Images, CVPR 2018.

= Neural 3D Mesh Renderer, CVPR 2018.
= FoldingNet: Point cloud auto-encoder via deep grid deformation, CVPR 2018

- 22 R T

= AtlasNet:

A Papier-Mache approach to learning 3D surface generation, CVPR 2018

el



RIHE  (MESH)

- {{ZFXT{F: Neural 3D Mesh Renderer [Kato et al. 2017]
- W% TLNSEXEMISIIRIRZPE, (RPERBEEIES.




)5 (MESH)

- {{ZFXT{F: Neural 3D Mesh Renderer [Kato et al. 2017]
- W% TLNSEXEMISIIRIRZPE, (RPERBEEIES.

airplane bench  dresser car chair display lamp
Retrieval [30] 0.5564 0.4875 0.5713 0.6519 0.3512 0.3958 0.2905
Voxel-based [ 0] 0.5556 0.4924 0.6823 0.7123 0.4494 0.9395 0.4223
Mesh-based (ours) 0.6172 0.4998 0.7143 0.7095 0.4990 0.5831 0.4126
loudspeaker rifle sofa table telephone vessel mean
Retrieval [30] 0.4600 0.5133 0.5314 0.3097 0.6696 0.4078 0.4766
Voxel-based [30] 0.5868 0.5987 0.6221 0.4938 0.7504 0.9507 0.5736
Mesh-based (ours) 0.6536 0.6322 0.6735 0.4829 0.7777 0.5645 0.6016

BB RENXTLY (10U metric)

P



)75 (MESH)

-fRZXTI{F: AtlasNet[Groueix et al. 2018]
- W% EEFRER B TAERNRE, TSR B =4S RIS

Generated
3D point

Latent shape
\ representation

ERraN
Sampled (
| 2D point / |
i o
/ L/

Learnt simply by sampling many points and minimizing Chamfer distance zs




pdzs (MESH)

KX IL{E: AtlasNet[Groueix et al. 2018]
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(a) Input (b) 3D-R2N2  (c) HSP (d) PSG
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2ZE (MULTIVIEW)

= XK ZSPCRE)REFZ B =4ERAR. 3
- N4E: TS T NMEEMAENIE, Jﬁ%ﬁlae%?a«—:ﬂ |4,
- BB LLE:

= Lun et al., 3D Shape Reconstruction from Sketches via Multi-view
Convolutional Networks, 3DV 2017.

= Lin et al. Learning Efficient Point Cloud Generation for Dense 3D
Object Reconstruction, AAAI 2018.

P10



MULTIVIEW)

EFZ R =4,

B

output view 1

front view oo oo
' ,
= _
O 2
i
J outputview 12/
side view multi-view depth &  optimized 3D surface surface
input sketches ancoder multi-view decoder  hormal maps point cloud  reconstruction fine-tuning

3D Shape Reconstruction from Sketches via Multi-view Convolutional Networks
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image encoder structure generator pseudo-renderer

Learning Efficient Point Cloud Generation for Dense 3D Object Reconstruction
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- RIX . AETMERASHARIHKT R (cuboid) KIT{LIFR,

-BERIE:

= Learning shape abstractions by assembling volumetric primitives, CVPR 2017.

= 3D-PRNN: Generating shape primitives with recurrent neural networks, ICCV 2017.
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- 1&%::”5 Learning shape abstractions by assembling volumetric primitives

- %% FRFEEZ B KA, 8|, V&, (TmEFY)
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" 1JC§E: :ﬂf Learning shape abstractions by assembling volumetric primitives

R TSR E RS AN, BE. B, (R

-



Input Depth
Map

n

Most

probable

Random sampling

GT

Input Depth
Map

Most

probable

Random sampling

GT




IR EZSH, EEEEYIRZ BIXIRL, FEIAY)

- TRR: OTZERRIREEN, SREUATREEYT E.

L



ik BEHREEH—
BEERE—E, WA NE /R

YR,

« PN%S: 1Bl R)

M5 AE
==l
2017

C{E:

— R

=/

FHIARE,

=

=REH (URARESRT), I

Af—A

PRI TS R_ERIRE M YR ER

GRASS: Generative recursive autoencoders for shape structures, SIGGRAPH

= Im2Struct: Recovering 3D Shape Structure from a Single RGB Image, CVPR

2018

= GRAINS: Generative Recursive Autoencoders for INdoor Scenes, arXiv 2018.

= The shape variational autoencoder: A deep generative model of
part-segmented 3D objects, Computer Graphics Forum (SGP), 2017




- 1t§§::ﬂ5 . GRASS: Generative recursive autoencoders for shape structures, SIGGRAPH 2017

real 32° part Traini .
raining T
structures voxelization 32D g lesting

HEEEEE

AEEEEEN

EEEEEEER

EEEEEEEEE

1] ]

n-D n-D ) HHHH
root code random noise T
Q O 0O i Q
Q. Q. O O O O O | Q O Q. generated
o 10 O O O © a Db == § O @]
o 20 oo oy agd o ee——
O O Lo] O —
generated training
RvNN encoder RvNN decoder Generator ™™ Discriminator parts

part code

32D

part code

(a) RvNN auto-encoder pre-training (b) RvNN-GAN training (c) Volumetric part geometry synthesis




- fti%::ﬂz . GRASS: Generative recursive autoencoders for shape structures, SIGGRAPH 2017
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73 R HYE A AP =4ERZR,

= _ﬂz Adaptive O-CNN: A Patch-based Deep Representation of 3D Shapes, conditionally
accepted to SiggraphAsia 2018.

1
: : 7N
v 7 \ \ il
- \\ : __ \\///
H T H rmm
e =+ L1
u AN
HH ot
: ; \\ a
‘— -
- - s ,
T v
- , T A
mHEE I O -
AT ™~ =]

PO BT EERABIEN PO AN



HTATHIE

BN\ SR

= JIK:

HTHRA

TGN\ g5, Mo RiEfFE
YT AP =AU,

accepted to SiggraphAsia 2018.

(a) 4th-level

(b) 5th-level (c) 6th-level

2T AFEA) o =

=LA

5

= :ﬂz . Adaptive O-CNN: A Patch-based Deep Representation of 3D Shapes, conditionally

(d) 7th-level (e) all non-empty leaf nodes

L



TS ThIBEN/ \ XX

- LS T\ R, BTR EFIRT=RRE T —: RESHERAER) |
2) ﬁﬁ/\ﬁ/m%ﬁwwmr—c@zz%m@u, @ Fre TR EE B RO, 3
F(3), I\, XTF(2), BlIFETESEL

7T FEA (BIRREEE

P10

(a) Input shape (b) PSG (c) AtlasNet (d) Our results




SICIVIANSE|

« B[{&ZE3D{ESS b3 Chamfer distance metric

Method mean | pla. ben. cab. car cha. mon. lam. spe. fir  cou tab. «cel. wat.
PSG 6.41 3.36 4.31 8.01 8.63 6.35 6.47 7.66 159 158 6.92 3.93 3.76 5.94
AﬂaSNet(25) 5.11 2.54 391 5.39 4.18 6.77 6.71 7.24 8.18 1.63 6.76 4.35 3.91 491
AO-CNN 4.63 245 2.69 2.67 1.80 6.13 6.27 1092 943 1.68 442 4.19 2.51 5.04
. . " Method 323 643 1283 2563
« REFTERTBIE:
ModelNet40 /\%1£% Voxel | 0.71 GB 3.7GB - -
batch size = 32 Memory O-CNN | 0.58GB 1.1GB 2.7 GB 6.4 GB
AO-CNN | 0.51GB 0.95GB 1.5GB 1.7 GB
Voxel | 425ms 1648 ms - -
Time O-CNN 41 ms 117 ms 334ms 1393 ms
AO-CNN 34 ms 63 ms 112ms 307 ms
A O-CNN 90.4% 90.6% 90.1% 90.2%
CCUIALY | AO-CNN | 90.5%  904%  90.0%  90.2%

o
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T2 2=tE (PROCEDURAL MODELING)

XA —FEYFNENER, EiFL-system, 58,

J

GML, CSG%.
- [Z%: FIMNAISE

- 2%

C{E:

= Shape Synthesis from Sketches via Procedural

Models and Convolutional Networks, TVCG 2017.

= CSGNet: Neural shape parser for constructive
solid geometry, CVPR 2018.

'
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X

X X
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F —FF E—FF F—FF
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& (PROCEDURAL MODELING)

_1"5 . Shape Synthesis from Sketches via Procedural Models and Convolutional Networks, TVCG 2017.

96 256 384 384 256 ¢ 4?96 f 4?96 Procedural model \ A& 3‘7'.;;.“ :r e i
feature maps feature maps feature maps feature maps  feature eaﬂe_sm__e_a_urfi continuous parameters 2 M/;{
(55x55 pixels) (27x27 pixels) (13x13 pixels) (13x13pixels)  maps S| [ | |% R
| 6x6  / Container Size pu—
; pixels) Wall Size
Input sketch: Y Frame Width =
227x227 pixels A :
Rank 1
. _ Wall Angle
- Procedural model
discrete parameters
Prob(Container Type=1) Rank 2
Prob(Container Type=2) =
) Prob(Container Type=3)
L. -
P - | - -
=0 -[-" v . Rank 3
i3 - r Prob(Container Type=K) E
\AJ Yy y YY _‘——-\ ---- i —J —/
convolution convolution & convolution & convolution  convolution fully connected output Procedural model
layer pooling layer pooling layer layer layer layers layer

ranked outputs



CSG 7

- fti%::ﬂz . CSGNet: Neural shape parser for constructive solid geometry, CVPR 2018.
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' P1 = Circlel e 4
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’ Out = Subtract(E3, P5) \ XX
Output Program Parse tree

Input
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— El = Intersect(P1, P2) ——> \) ’
P3 = Cubel \

Out = Subtract(E1, P3)
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L 1 I
I . 0 A 1
d(T)

CNN — GRU Je—— P1 = circle(32,32,28)
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> GRU Je-—— P3 = circle(48,32,12)
> GRU J«——» P4 = circle(24,32,16)
—> GRU Je~———> E1 = union(P3, P4)
L GRU Je——> E2 = intersect(P2, E1)
— GRU Je——> Out = subtract(P1, E2)

- Network Prediction
@ ntermediate Variable

REINFORCE

A 4

Rendering Process
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P2

P4

union(P3, P4)

intersect(P2, E1)

subtract(P1, E2)

Rendered Image




CSG 7%

- 1t§§: :ﬂf . CSGNet: Neural shape parser for constructive solid geometry, CVPR 2018.
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« BAJB9T/E: Robust Flow-Guided Neural Prediction for Sketch-Based Freeform
Surface Modeling, conditionally accepted to Siggraph Asia 2018.

= L FARSEHIRIFRE; Filllconfidence map AKX 1 ; EHFAVHERE; 3245

sharp featureZFE8Y,
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: /
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GeomNet
Input sketch, mask, depth DFNet Fusion
sample, curvature hints Flow field Output confidence map, surface B
1 )
. A v
Back [? —>"—> " q/ )
GeomNet |
o
DFNet

Robust Flow-Guided Neural Prediction for Sketch-Based Freeform Surface Modeling




UserMenu
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Load RefImage

Load Scene

Save Scene
- Tools

Add View

Del View

Del Input

Reset

Curv val 2.00
Predict Shape (cur. view)

O

Final shape

P

Robust Flow-Guided Neural Prediction for Sketch-Based Freeform Surface Modeling



- BB I{E: Text2Shape: Generating Shapes from Natural Language
by Learning Joint Embeddings, arXiv 2018

«#Z0y: 1.%>] Text&3D joint embedding; 2.Text-3D 4EFkM%S

“Dark brown wooden dining
chair with red padded seat
and round red pad back.”

L-| Text Encoder Generator

"

Critic

Text-conditional Wasserstein GAN




\FRY =4S By

GAN- Ours Ours
Input Text INT- GT

1) modern dining table chair with nice and sturdy
for wooden legs. looks comfortable %

2) Chair with wave back. Seat is light grey and
legs and armrests are curved wood.

3) brown wooden chair with fabric on the seat
and the backrest




SN TRE. BHESEG=HERAER,

- XIS AF0T0RERVER AERIKIFSZE |

- 23N, DR




= ﬂ:g (shape) TE|5| (functional) ’%

- Hftt3X: Graph
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JTHAMSRA-IGH=45REFIHTIE

Peng-Shuai Wang, Yang Liu, Yu-Xiao Guo, Chun-Yu Sun, Xin Tong:
O-CNN: Octree-based Convolutional Neural Networks for 3D
Shape Analysis, SIGGRAPH 2017.

Peng-Shuai Wang, Yang Liu, Chun-Yu Sun, Xin Tong=-Adaptive O-
CNN: A Patch-based Deep Representation of 3D Shapes;
conditionally accepted to SIGGRAPH Asia 2018.

I5F

Changjian Li, Hao Pan, Yang Liu, Xin Tong, Alla Sheffer, Wenping
Wang: Robust Flow-Guided Neural Prediction for Sketch-Based
Freeform Surface Modeling, conditionally accepted to
SIGGRAPH Asia 2018.

Hao Pan, Shi-Lin Liu, Yang Liu, Xin Tong: Convolutional Neural

Networks on 3D Surfaces Using Parallel Frames,
arXiv:1808.04952, 2018. (EEZQ%E)

THAMSRA-IGAARMEIE REFZINIL(E

Jian Shi,Yue Dong, Hao Su, Stella X.Yu, Learning Non-Lambertian
Object Intrinsics across ShapeNet Categories, CVPR 2017.

Xiao Li,Yue Dong, Pieter Peers, Xin Tong, Modeling Surface
Appearance from a Single Photograph using Self-augmented
Convolutional Neural Networks, SIGGRAPH 2017.
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