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1. Convertimage

FE 22k AR AR 22t
d ilﬂ%f% I HEA7|2 gAIEAA A o] &T

Convertlmages

WBMP, DIB, CUR, GIF, JPG, JPEG, JPE, PCX RLE,
PDF, PICT, PCT, PIC, PNG, PSB, PSD, TIF, XCFS-0|
7hssteh, Al Aol BlAET} B ol e ¢
H317) 25314 e Aol Boltt,

HE ANTOIER7]2 B2 75%2 Fd)
@® Oi=2|Z 3D(COLOR)

O ouZamanEH

<8/ 1> 2D 42| 44 30| 0183 YA Batel ofi122|=

(Anaglyph 3D)2 B Converlmage

2. 3D 2Y(3D Shade)

(T 2) oM 2] Ry FAzH 24 7]

ol o) Aud RS sHAME 7)€ Eefe ndE

EEH] ofLioolt 24

<Tg 2> =@ 7|8te] E3iE 3D 8%

24 di&1to|cjo] H|263 43

Z1gRt o 97 RS BHE F e 5L HAE
o} 599 ool E 82 thofet A (o md) 2
271 473& Agsto] ofyuo]d S THE thy MOV
T AVISH 2L 5 Ao HEsE AL HolE
o $-%9] 3D ZUE oJAZHEE A2 3D U
Rdg 3ol 9 £A31a1 3D UH(STL 2 OBJ F4)
£ THskeE 2l BojEtt 3D 592 3D 2dd, A
g, oiylo] A, 3D Z&go] 7Fs3la Hx|o] T4
2dHg A9} ol ojmh] YB2EQ e WA
of 71vk WE] AR ©7 o} AL 43 BdF o]
o] 47 o2 3D Bdg §& TR I AT
T fit} 3D %9 NURBS 7|9k Rl = 2|5t

Shade 14+ o]=H] &2 (ai, psd, swf), %3} &2 (avi,
mov, QuickTime VR 3:=2}v}, QuickTime VR 78]
QuickTime VR 7}A]), 3DE 2] (obj, lwo, 3ds), H]t] £
Al HAE &2 (bvh, direct x, COLLADA, collada
animation, Blue Mars, Second Life), 1% ¥2](bmp,
targa, tiff, png, epix, hdr, openEXR)& E 33t}

3. H[0]3AQ|E 211(MakeSweet Logo)
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22 W

£ %oy
Wk AR-sfok 8k ARlo] jpeg Bi= pngst 2ol @
2 0 & A= F A o]ofof gt}

A =712 1IMB v, 28] Z7]12 1000x1000
ko2 FASor gk, AR Fi7bAl 3DWS
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0Z 2~ 2D WEIYY Z2I0 JIAA o=
(inkscape) @ 3D 2 @9l B-adlt](Blender) 5 A}
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+ Clip Studio Paint, Image to Lithophane, ZW3D,
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Embossify, Reliefmod, Smoothie 3D, SculptGL, 3D

Face, Reconstruction, Insight3d, 3D-Tool, Selva 3D,
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A gl 7 3D A4 A4 AT, Ggeln Batets
2 ol 30mEe] A% A, TN 3D W 9
& AATES A e 6o cheka A4
71%9] 3D BdE), 74A 3D 2EtY ERAAHE A&

HNata, AEHo2 s4el A8S Bt}

. 3D H|O|E{Al

o3 v o g 318 = 9lAnk 3De] ¢
© 3D 27U 2 55t A, 3D Bd ol dloEH|
o] 25 K3 1 & 9l 3D Hlo]EHAEY

1. Matterport 3D

Matterport 3D7} Algahe vlo[HAle 9074 H
9 194,4007] RGB+zlo] %7tellx] 10,8007 A HH
3D sttt (A 7 RGB+Zo))E E3eit} =
E AW Matterport Pro 3D 7higtg HE5H9o).
3DRPL AR E AEste] o2 gol&d skt
Matterport 3D9} #-AE AFelx Held 719 7%
= S /NdE 93 v, 2D 9 2 A g
A, BA(voxel) 75k mdlo] gaf gl A AEa)
2 Thokst AL A E HojEnt, (https://matterport.

com/ko)
2. PASCAL3D+
Pascal3D+ HE] | Ho|H A|E= ofAe] A, &

26 Hh&1) ojcjo] 263 45

M

rlo

7hAS Yehdle A4 M9 9oz T4
o, Zlof=A] ¢F2 A, B AW 9 ohofe x 22
A Et}, PASCAL3D+0]= PASCAL VOC 2012 d]o]
Bl Jgollx] Aeigh 127 o] A AA7E 23t
o] glc}. o]23t Aol E2 AR (ZE, 1% ¢ 7}
izt A o] Azl)e] 4] 0] @}, Pascal3D+E E3
ImageNet BloJE] AEc]A] o]Hgt 127] WFo] =
FA o] Gl Y-S F7Hst). (https://cvgl.stanford,

edu/projects/pascal3d.html)
3. ShapeNet

ShapeNet2 FAlo] 2 2% 3D RG] it
HolH Aoz 7 g9, e Hd, 25
s} gl 7|e} & Fofo] At Eg-Hrt. ShapeNet>
ShapeNetCore9} ShapeNetSem?] oz A E
o] 9=t ShapeNetCore:= oF 51,3007]¢] i8-8+ 3D
B3t 3 55719] dekAel A MFE AFet
Fol AHE-E= ZSFE HlA 3D wlxnt= wlo]g el
PASCAL 3D+¢] 127 7§ A & B ShapeNetCore
olA thEH.

ShapeNetSem-2 2707 HF2] 3 Kol 2
A 12,0007 ZE =2 F43€ O AHAIsHA| FA4 o] 2 3}
9 Agoltt. FFos AT HF dolE % Juad
48 9o o] 2|3t elofl= AA| X, WF
g A 7 FAA, & 79 2 FF FEA FA L

2 BAEY (https://www.shapenet.org/)
4. Human3.6M

thokAlF FR2E 3609 7] 3D o7t = €
G, AE vl 119 (A 69, oA} 51), 177FA] A

U (B2, F, AR A7), A3t 53t 5)7F a4



9] 3D eﬂom 270, Aset w4 -Err’/], Abgt 76‘74] ¥
A2 et} (hip://vision imar.ro/human3.6m/
description.php)

ol9lo = Eaf A= 5uk 7] o] Ake] A
ZAm DBl SceneNet(https://robotvault.bitbucket,
io/), YA E3sl= thekgt A& CADZ|4E 3D =Y
AFst= ModelNet(https://modelnet.cs. princeton,
edu/), 74t ZHE] 37170 A&} A& FAo] ¥3}
% o] 9J+= DBSI IKEA ASM dataset(https://ikeaasm.,
github.io/) 50| 3lct.
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(a) (b) ()

<38 7> W olag BOlE ZAE=H 2ojofe] M B TE. (a) 3D

= 2 T8l
F7te| ZoIE 22fRL. (b) Of5f 8189l 02, (c) BEM 28R N2 2
=

RGB point cloud Prediction Ground Truth

Conf. Room

Hallway

Office

<712 8> S3DIS GJOJE] ME(3A}] ZOIE S2FR.C Hj0|E{0A AlHIE]
78k 25 lAlS st el ofE & o1 2 Z)of Ciist AlZf3t Zf[4]

ul == T =]

3. ImVoteNet(ZAt 1t HEUIO| 5HA)

ImVoteNet2 ‘Image’¢} ‘VoteNet'9] o]z
RGB AHS 23} VoteNet2 3D A 7HA] %

£ S8t} ImVoteNet2 X9 E 45 gEygtko

N
(o)
0})
i
o
n
2
>
~
[e>)
i
~
fol

Joint towe
Output: 30 boxes.

<12/ 10> 3D 24 ZX| ufo|Z2t2l[5]

otk webA] ImVoteNet 2D A R7} ¥Q1E &
E}%Eﬂ AFsh= 3D 75t e Baket Qe A
e 7,

(¥ 10)& ImVoteNet T-Z2A & Ache
Faster RONN-S A}g-81o] 2D 747l A 94} £E 7S
23}, 9% 3tk PointNet++3 ARS-3F | 3
Uehdith, 2222 7]
FdE vt

e o

gl (Deep Hough Voting)%
$ERE e

o[r

4. £ EOIE 2= (Superpoint
graph)[6]

& AeE AAA VIESFY ?Ji;ﬂgf-_ o] -3}, 3}7(]



FHHE Holxd hbof] QoI 3 TIE T2
(superpoint graph)& 7]&9] d79t= el 3 W b
@9l HER 749 IRIE FHpsE e s
qulEA o2 AlistE st Akt Fx29 A
= THZELE shte] H o Ropx A2E 1
2 TARL FURIE a5 T
AEo] EA 74e] ou] 24 A gk TR ARE
TaL Q7] Wizl ofm A4 AlEst Aes BolgdE &
AATH FHEQIE T TE ¥E FYLER T
A A SAE AAAM A3 d. +
FEollA 7laetA o H g 725 7R
FolA 2he ol 7o) 241
P E A ¥E

[l

i

R
[Kl

o point —— edge of Eyy

(@) Input point cloud

(b) Superpoint graph

<J2l 11> #HI2Z(SPG)

ol9fel Halyd 7|k 33kl AA| Q14 W= ¥l

E ST oA AAIZE 3D EAE A= VI EYZ

Complex-YOLO[7], 3D ¥91E Fe}-$-= AlwlE &3

L 93t A& AA-E T35 Semantic3dnet(8], T

TR EUE FeHe-Eof e 2B ofulE 23]
Ao

23t E8F 0|2 71HE AA o}7]El 2] ¢l RandLA-

Net(9], EAlol F 7HA] 24

E® Y E

st 2y 24
3JSIS3DI10], A&AQ] A3t 555 F
33D ZQlE Ze}9-EE AAEE PointFlowl11], ¢

A AL-F A One-Stage Monocular 3D 4 7+ Z |

2l9] = FCOS3D[12] 59] 9lt},
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1. GQN(Generative Query Network)
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<Jg 12> 44 72| HEY =2
(&4 : torch-gan, https://github.com/iShohei220/torch-gaqn,
(Accessed September 26, 2021))

A tekr A2 A A| 252 Abgho] A2k W)
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b EeA AT A8E Aske Aol Hurt Aol
thel7h470Q) oAkE B W wekelle vzt 370N B

o= Fol HolA] = 4WA the7} des FE8HA
v 2 BEE Ha 3e] AAE 3 5 e
AA Y GONE F9 875 A48 5 Sl = Aol
ok GQN B8 VI E
9} AA H]E-‘Hﬂ(generation network) F FE 0

Ae ElolHE Ve AHs

2] = (representation network)

4@ 011*1 %}Eﬂ < A5

& sttt s U EAIE A UEHATIL o

@5 g B AR S 5 9] uheol wAE
wio] A dolo} %S 75 3 AesA Hase ¥
W 30 ek AR 1A, A, B dolobs 5 7}
4 98 2252 AAFE ot 44 VEND
= A9 B A2 g B0l 111*54‘1' gz
W, 33, 27 ol Aol A4 A ke AHE 9
e AR

V. 2DZFE]| 3D H#gtg et 18T

2D A 3D Fe g Wdtshs A7 F A4
WS A8 oS T 2ol 2T

of

A9l 3D 2o F43} 8
sl AL Z Learning Expressive 3D Shape
Abstractions with Invertible Neural Networks[13]¢]
I of ol A B 753t o] B
el A4S 919l B 55 719 3D RS A
sto] TheAdst ou| S AdsteaL At} 230l

30 &7} 0jcjof M26H 45

gojd 3D H¥S T3 HARE dFo= 3D JAE
7IatetA o g2 Aeetal ofn)7t diE WER 724
A& st B2 AT 8o R 571 YA
& AH&ato] 3D THAIE A8k
2w $-A "o}, 28] ShapeNet dlo]EJAl, 4D ©]o]
B A9 D-FAUST, <= 2 t|o|E] A9l FreiHAND o] 4|
A o] Bl 7|ahsre

M
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Ao

?aﬂ

16> Neural PartsQ| MZ22 3D Z2|0JE|E F&

(2716) oA B nie} o] AT HEE 7
o F57t 0% FARTY et o o Akt
oJugle Bk AT 7HY A7 U ESAINN,
Invertible Neural Network)E A8l o ZH Rk
94 A A, WA HES G807 Akl o &d

ol okt Aok 20& Fe gl 7] i)
%-’F(;ﬂ%‘ﬂﬂ]ﬂ A 2 DDE AR dFed. (2
15 = 24 AASHE 438 Zst] s 7H A
3 Y EHZE A8l o] & T3 Bat3t 7l3tehE 7Y
Aohs AASEAS 7HE ¢ Jong dgt £5 B
A5 o oEsh= 71 A2 A (| 14) ol Hs)
20 AL AAEAE AHgsto] 71skeHA o2 o] Jg
gt #3lo] 7ks5HA| Hrt,

A

2] 16> 719 AZ HEYF INN(Invertible Neural Network)

Input OceNet CvaNet-5

<38 17> 79 AFYoR Faix/9l 3D DY 8t Zaf

2. pixelNeRF

pixelNeRF[14]&= |
o el A7 AW BAL dlZehe Zelg
o|t}. A N = )
o] 3t NeRF(NeRF2] 329 H¥E | Ao
2 o] A4S oY A=A F
& 48 HolHRE ARgstaL 1 S-S o83
ol oA A g2 A= 1}5011*194 T EAY o
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Volume Rendering
Jput View W, AN ! "

|ioee]

CNN Encoder Target View Rendering Loss

<78 19> pixelNeRF Of7|&|%{

(29 19) & pixelNeRF o}7|9l A 2 H HFgko] d
o Wi Zhelet S wet A EAE x

a3 9 542 F9 L 0L B 59 2F

] 24 RGB ¥ §% 42 EF Y Hol o
ol B

ol 7hviet #x

o]9]e] 2D RE 3DZ W3stE YEYIZE v
B} S-S Bgato] AL o OF fro dBE ol
E 4= Y7L 8 Ha A7 e 2o

A Faste] AAIRE Ar ol 715d gholE Z
Y| E 9= (Light Field Networks)[1519} 7]8}3t% A
Hol RS BT Hoslshe 54 3D 7x ¢4

A ##9l SRN(Scene Representation Networks)
(16] 4™ UES A7} 9lom, AA A A ARE

A o] AL 3D Ao 7 wWask= ShaRF[17]9]
AHEH 29k Y E 9 A (shape network)7} it 2%
UEHAE T3 92 A 2= 548 744
3D RO = ujsgsto] P JHAR FE F83 Hu

< A 94,

32 w27} 0|c|of M26H 45

V. &85 7|0l 2fst 2D2RE]

3D 2
1. GANverse3D

GANverse3D[18]= 2D 9942 3D 2d g Hals|F
L, 713 B A A1 43L 9 A|o)7t 7hsgk o Eel Al o]
Aoltt, ol 54 Agat ARl 173wto = AREA<Ql A
x5, T, AES7HA @nlg 3D RS 753 7}
o] AwelA FHsHA W 4 itk FdE AAE
02 oA Y Ast= AHo g
SET wEhA M STHH R AL e
2} 422 22 AAA vlolEl oA thAl A g
93 GAN 2 &89},

dlolH A &

;TH

o

@71

P c=

W o Yoy

Input Prediction Multiple Views

</ 20> 2/%: GANS £J2 S/} CIfB Aol B, O2%:
o J2hEA HIEYTS) £/ ST CIfE Aol Bt
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A A2 WAL HolEe

latent code

StyleGAN

1 Q L Fast Annotation!

Inverse Graphics Network

<32l 21> GANverse3D2| = 7}x| 2lCi2{(Renderers)

(29 21) & F 7HA #e) 8 (Renderers) & BolF&
tl GAN(Z¢ ol X StyleGAN)Z 28 7153 129
] 2| (DIB-R) 2E}Y S AHE-ghth. GANS 34 dlo]
Bl A7 2 A, o] Hlofe o] Flo] &5 Eol
& GFA 3D AL clSshe o 2RI W EYIS
A7 A ET

, Hloel Al

2.DIB-R

ok 30 S AT B 90 el B¢ 3
A, 39 2 9249 b5 e BE 288 AN
Aole}, o] £3& 202 $8 W] JHo2 AFHE A

AR 8 402 3D BEE BEE o2 AR §
ANA ST A 2E 3D UL ANE BE
ool 3D R A A F4F 71Ee 99

o A A8 AshE oty Zueln &
gt Ablo] o] B a sk £ Ege] Jare] 54 )

A 2719} B ola A7 W Qlzto] AbE EE
¥ 97} 919lt} DIB-RE 0|8l BA|E 17 7]&0] gl
Apgrolghe 7hekaA| 3D RdF & 5= QA wHESit)

inference

<18/ 22> DIB-R 2%

(29 22) oA A W
9k Al WA 92 DIB-R 2d9] o %
A d-& SoftRas-Meshe] A3} u}xllz1 = g% N3MR
o] Astoltt,

N

inference
training
ig

3. 3D-GAN(3D Generative
Adversarial Network)

3D-GAN[2012 A2 Ad) U ES =9 3 AH
3 (3D) AE-FA Y E9) A (Volumetric Convolutional
Neural Network) & 2-8-gc}. 3D 214 432 974 4
AT T ofgl e o] 2& 2D 9] F3tell Hls) 3D

2| g7k RdFshks Ao Y oy7] wiEeld.
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3D-GANZ A Y AEFA YEH A9 GANS 2§
ko] FE2 F7hollAl 3D A At o] T
AL Al 7R ot} AR, A7 AA 125 GA
Ao WAL 1FL 3D AAE PAT 5 k. =

A, ‘E’“ﬂ“ 1 A && %{MW 3D 749 E3te

L 3D 7H11]§ ‘4"&8}71] g 4 gl
Shad 28T 3D X AlE
gttt (9 24) = 31F2 3D AA| & AT Atolr.

AIRLLA

<78l 24> 3D-GANCZ g4t 2%

4. pi-GAN

A A7 2 g AE YR H2 dds F
7

3 3D 14 @7 T2 we TEE At 2y

o} pi-GAN21}E 1FA 3D U4 G FE A
T-GAN X+ pi-GAN(Periodic Implicit Generative
Adversarial Networks)o|ghs A28 A4 Zd-g A
QHaich 7-GANE F 15104 @43} 7153+ A4 A
kel g lie Aﬂ%/“}
S R

34 27} 0|c|of H26H 45

S EREESERPEES
99 v o ot 7hg g Qe

3% e (radiance field) S A Adsh= ATAY of

o
R
o,
ot
T
e
_Q

<12/ 25> p-GAN2 128 x 12804 CelebA, Cats % CARLAO|IA
3D 214 o[ofx] g0l Cist Z2E EHY

Reconstruction

-

A

5. 3D-FCR-alphaGAN

GAN X+ VAE(Variational Auto-Encoder)& &4
A4 wae B 77} ol ol ) % o
It} ol 2F2 A4S 7hsstA & it ofet &

2 37 9 OFAE AHeeto] 25 glo] B g4

9 9% 94 490 A48,
3D-FCR-alphaGAN[22]& 3] t}ek3l 3D

A dsta B, AA, dolokd X33 AA|

F Qe 3D v AR A REE AR/VR
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