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e 5568 (Artificial Intelligence Generated Content, AIGC) & A\ 1.5 fg 4 -h B2
AR BT . H ROk BR 15 . IEE 2 BRI, ARORHES) T 427 9 R AR A
MEP AR E . % VAE. GAN. Diffusion Model %5 SRR I, AIGC 7 4 E{R
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1 BARE=

1.1 EskFHELLRYHsE

3D WA T AR LGN ET I RATHEE &S, 3D WAL R RRFEYA G4
M5, IERAERNYEREE), WER A HESIHAE 2D WA HMEIIE

TEFEIHM AR TTIR, 3D N2 RENS T35 By N\ 28 B KRR B 130 i 0 S R A5 DA S Ak
PR B UR, WA 3D WEA RERILG B R B AR S0 H B R 45 7 A S BV (152
Wi FERFFEWTITI, 3D WA REE N e B R IR SEIG X G UL AR R AN BT T s
IR SEPEN N 2 3D NAEWEH RS,

ERIMRIZ ST, 3D WRMET 2D BHid 2 Wi TeA Ko FLAUEE 1B S AR L LA K 0ot
VB GEANZAE S A E R, (3 = 4EBAE SR 7 T N & B2 4, AN, BE 3D
WBA FOCEGBERFIEGSEOR, WIRIIZ S A6 R A (15 L F 3 1) 47 35 BE I LS

MM B4, AR (Augmented Reality, HG5ILSE) HAM VR (Virtual Reality,
REMILE) $oRE 3D WA G, S 5F YRS ERIPRAN . ik, o425
BIRL, XEEHE 2D N BT Lk 2.

HULAT I, 3D WAAE A A Ak, G FLE L R ol i 5 SR 2 U AN,
BAH B 2D AEZH.

SR, 404 3D NS AR P TR AR THT I A6 A 7 RO AR T AR 7 A v T K R A
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— 7T, FRASH 3D HIPEAHLE 2Dt CatEn 1RGN FERIR T L DGk M R T IR
P 3D B, FEEEL A MEEL GRE . EEkEhE . KRR ERSEE PR, XL
THEN RIS RE UG AR B PR RA T S m iR . BEREIATP IR TR R, A
LA PRI

H—7Ji, 3D WEKAPAWREEZTTX B—RAMHL W T AH#TAE, i Autodesk
Maya. Houdini. Blender %%, 7EMFATEAL. WHE]\ JEZ. B IET, FFERERLEEK
PR O, AN AP A ERER 1 S MK, LR A i) B A B g 17 I 1) B
A B N i AT R I St S S AT R A . 1A I 7 A B O R ik
AR B A K% 5, T B AR RZ IR, MlantEz. AMUnts, ERfESAZ
J5, AR EAT KR EMEM LR CE A Re ELER AT, 3X TE5E R RIG N A8 7= [ AR

£ 3D WA RAE Z 18 H s AT JE T, 3D AIGC BoRMIETmE .

1.2 4Xg 3D AIGC &=

S RE 3D AIGC Pk BT oI 2R B (Hmt AT A S, SRR B3R AT,
2O A T MAFIT A A, T X 2B R — Ak ik R . BLAH) 3D AIGC Pk 3
A1 LT JUAS B 2k

KEBRE =& XA m] AT EEa B se i . e EZEE  THEmEHR 3D AIGC
RS HAT R SR A = 3 E 8 — 2 KA W], BG4 Openai. NVIDIA. Google.
Microsoft. Stability.ai 5, EATHA AN T &L RERFFRNR, FREAJLTH4E
Xt AT J5 RN SR 2256 .

3D E#FRAE KEAFMAKERN 3D FM UL 3D 557, EATEEAL T T A m 4>
FAdk. EATMT RIS, AR 3D M IROL R S i

3D AR KRN FFEIA KRR 3D RKAMMB™, EAF KR ENIEM &G )E T
Hou#E B T EAT L 3D BRR B .

TEXSUSAY 3D AIGC &7 XRAN A LETEIRITIN AIGC KA PRI Z A4 A1
TR, Wkt RG], 3D BAREE. KX Raa Ak A E, HAriELA T
(g3

7Z 3D AIGC A% XN A AR T iEEEEARRBORA K 3D AT AIGC ghlk#,

A H AIGC FAMIE 3D B UGC (User Generated Content, FI/JRAINZE) B
YNEIP
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IDHEE R D8 [N 7% 30 AIGC m i - BIDAIGE - mrmmrmmememm e

®Sketchfab SI’.‘ANIVERSE \’, .):‘ A ‘A @ ‘
B vertebrae l'-'l

* Saaplc congny Matterport’ 4 .

@ Unity net Q CSM Q mirag 'z
a i - I /A HYPOTHETIC
@ l! wﬁn I 4 w ‘l .

@ > Go gle B8 Microsoft .

NVIDIA y

K 1: B4 3D AIGC 1=k &

2 FMEXRIA
(EVHR R 2 A, 56415 3D AIGC AP AIEMPIAHAR: 3D HHARE MM

2.1 5 AIGC #HxH 3D EEFAR

ETHENERXRKIE KER (VoxeD) Z=4EBM bR, @il 4GRS =
AR, A SR R A = 4E . David BEigen 25 A\ WKF R 22 ) ikt iy =
draE g, (EHRKER, EIMEMg K EEK SRR, FFma s 4 &
WA THA R E E RS At T, RN SR A — AN RBEEANAR (450 2% B B AT 1|1, AT SE R
AR —ZEE . [1]

Christopher %8 A$2H 1) 3D-R2N2 # A N5@ 1t Encoder-3D-LSTM-Decoder ¥ 45 2514
AAL T A 2D BT 3D AR R, TTSEIL TR TR R AL E 2 4E s . (2]
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1~ Coarse

2564 3844 384 256, 4096
ﬁ & s

] 5x5 conv I:l 3x3 conv EI 3x3 conv

ETRZMERRE ETHRRIINEINRERT 2, W KER I =486 58 A
BZT, sz (Point Cloud) B2 —MEEME H. HH¥ MM, 5o, hT Rz

11x11 conv 3x3 conv full full -
4 stride 2x2 pool
2x2 pool
Coarse 1 Coarse 2 Coarse 3  Coarse4 Coarse 5 Coarse 6 Coarse 7
B L ELLLLL L L
1
63 : 64 64
1
--
9x9 conv Concatenate 5%5 conv
2 stride
2x2 pool Fine 1 Fine 2 Fine 3
Coarse Fine
Layer input 1 234 5 6 7 1,234
Size (NYUDepth) | 304x228 | 37x27 18x13  8x6  1x1  74x55 74x55
Size (KITTI) 576x172 | 71x20  35x9  17x4  1x1  142x27 | 142x27
Ratio to input n /8 /16 /32 - 14 /4

Tr—1

LT

K 2: David 25 A\ 32 H R 25 4

i<

Encoder —> - Decoder
HgE

| (7D D)
Encoder —> @@ —b@
| &)

3D Convolutional LSTM T views

Kl 3: Christopher &8 A$2H [ 3D-R2N2 4!

EEAMEAE L AR M AN A T AN 5 ZEEAT S0, A2 — @R bbb
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Leonidas Guibas 58 N B XM H] = G5 AT = 4R . b3 115 2tk s okt
AT, AT 1 Ik R 2 0 2% I e AR (A1 ADURE 2 AR [R] LA TR Pl i AN /] s 5 R
TS EUR R . (3]

point cloud generation distribution modeling

v Mo2 / VAE
S Point Set

: Prediction
L Network l point cloud loss
> CD/EMD

label

K 4: Leonidas £ AFEH ) PointOutNet R4t45H1)

Rui Chen 58 Ni@ 03 5t NI i m 34T AL BE, 3t — DRl & = 4ERITR L DAL — 4R S5
B, INImRmE T Ao EEEE. [4)

Loss

. ‘ M . “
—
Coarse Depth Unprojection u

Prediction Network & Coarse Depth Map GT Depth Map

¥ ’ ;
. Point Hypotheses Prediction
Generation
! Dynamic
I reature Fetching —

Loss

[ Py '.','__ - “._.
— “A W 3 & ¥ Y
———RIELLEEL LR > ¢ > -
-— e “
-
S ramid et Covd PointFiow module Depth hesidual e radictions
‘-—.__ I

Iterative Refinement

K 5: Rui Chen 5 A$2H ) Point-MVSNet HE4E
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ETWRERRIE R, bR R S Foar ki EE R ER RN, HE%K
TYERRIRERS, dMeSEEEYANRNAFER R, METHREMRS, 5
T (Mesh) BIJ7ENI A THE B /NFERE R R, GBS R YIIRI S 24015 .
BRI T AT 3D HE ) 7752 H Nanyang Wang 25 AT 2018 E42 H #J Pixel2Mesh
Hik. EE B EE RN BB IVIE R — Bk, EAE RIS =4 IR. 4
&, CRINZRIME ML RS, — SR E ML, H TG A EE
HIRFIE s 53— 80 Wd o PG AR I 2 Sk R os = e A 2544 B )m, e = 4E MR 2T 12
MFIAR T, B PRI TAR o X AMERURI A T DA AN [ )92 2% B EOR 2V O IR i
T iy 28] i PR 480 22 D 28 ST T MR RS 5 TR e A S XA R ) = AR B B R R . [5]

\ 3 ] a b
A - - — H— — H— — £

. ., m " o "

A : : 3

Input Image Perceptual Feature Pooling Perceptual Feature Pooling Perceptual Feature Pooling

Mesh
Deformation

Mesh
Deformation
4 . y
Mesh
Deformation

628 vertices

Ellipsoid Mesh 156 vertices 2466 vertices

6: Nanyang Wang 25 A $#2 H 1 Pixel2Mesh f#7Y

ETESRRTIE £ THELEN (Neural Radiance Fields, NeRF) fFa 04 512 i
Ben Mildenhall ¢ N#&H, EMROLIRR 25 E T — R 2000 B, BER Az ) = 4k
TN IA) L o 12 7 7 3 R FH A 28 X 2 4 3 T 4 S 1 3 R 8, B2 ie FARTE 2 (Volume
Rendering) AR, 445 WA M4 5 E R p sk B4 . (6]

5D Input Output Volume Rendering
Position + Direction Color + Density Rendering Loss
- (x,}a:,flqﬁ)-»l]uﬂ_»(RGBo) T e N
el ay 2
.., J’jx FQ RAF?‘S_Q‘ R"lf ||.—gt ,
i Ray 2 /_\ 2
/ | m-ee,
Ray Distance
(a) (b) (c) (d)

K 7: Ben Mildenhall 25 AHEHI K] NeRF J5¥2:
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0\ y
1/N; 0 4 —I_:: L-F —»
E
t
&

"
\
(o)
(=)
SN U R WD e O

B NVIDIA #£HHE NeRF HiA (Instant-NGP) & R BCARAT I3 T-48 S AT
BB, s B RN, EERERIE MR MRS, HREIK
FE BT, WIS RKRIENRIEITHEEE . Instant-NGP FIJRLAH NeRF 775 K1 %
FITETF MBI ZAEMEE ) (Voxel Grid) KRB F, B T HATEE. [7]

L=2 b=15 L YNe L

=

000000 *
oo

i

R SR

|

L

T

Q000
000000

1 7
(1) Hashing of voxel vertices (2) Lookup  (3) Linear interpolation  (4) Concatenation (5) Neural network
8: Instant-NGP 2 73 #F 205 7 g igid 72

DMTet HREFs)IULEF L (Deep Marching Tetrahedra, DMTet) & H NVIDIA $2H /), 3

FRILEFE I (Marching Tetrahedra, MT) HIVRE 2SI . & DA J4 5 ) S
BUCEHH IS AR BB E RN, B ORI TR B 2% 2] i 1A 11 ¥ 53 (Signed Distance
Field, SDF) FazUHbks 40 IR, $e36 I F A% 2 DU 1 1 S ok A e Y ) . SR T
WS, 1SR HE (Parametric Surfaces) . 1X— 7 7ARENE 45 A =02 X 3£
B, HART NeRF BERMRIIEITHEE. [8]

input GT Shape ©Unoccupied Grid Point ® Occupied Grid Point = Surface Mesh

'

8
Point Cloud (c) Refine Boundary SDF,

Low-Res Voxel [a) Predicting SDF at Initial (b) Selectively Subdivide (Interpolated
VTN Grid Resolution son )

LosSsurface output

j E/)Z i
e) Surface Subdivision '
Dy T =

Tri. Mesh) {uramehicSuﬂacs

T4 Implicit Function (SDF) ™

Explicit Surface

Deform and Trim Graph

DIpaYDLS]
Buyoiop (p)

Tetrahedrons, and interpolate SDF

Kl 9: DMTet LR
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2.2 SEGEERRERRE

VAE 225 Hé9mtdas (Variational Auto-Encoder, VAE) &—F i T IE NI 7 1ER) B i 4
(Auto-Encoder), HFfi#hgmides (Encoder) #54X i N 2 A iy 722 2F R i LA ) il
BT i A N 25 77 AR RS 2% (Decoder) MBS 7S [BI 20 A HHRAE3R1S, VAE RH 74
BETR N NGRS B A0 B 7792, SRR SRR T B AN 10 AT Be 8 S mT R4 A B 1)
I3 Af s FRAER R R B IS I T A 2R, B KL #0% (Kullback-Leibler divergence),
I EATUR TR HEIE AR AEIES AT . (9]

Decoder
pe(X|Z)

Encoder

qe(Z1X)

K 10: VAE B H il a8 454

GAN AN PINLE (Generative Adversarial Networks, GAN) & —fpab-FxIprigize, #H
FARHEIRAS AR AR . AR ) - R PR AR 73 2L Bl (Generator) HH &%
(Discriminator) o A AN — NREVLE S 2, FFIEE M A Rl B o T 2% 0 A
TR A A AR B B R R A S e e iR B A o, R ERRE
MFLSEMEZE D(z); B HIWTHAERSEENE R Gz), HEMZE D(G(2)). D) 5
D(G(z)) Bk, D0ud W3 A Bl s A2 B B SR itk ibkni . [10]

FEAWT IR AR T, A2 AR AR e R 2 52 BN Sk B2, AR i AL B B et ik
B ” Hmlds, MReEEAER “ DMRELE” FIHEE A .

BEHERE— P RIRTTL, GAN BB IZE B 5 . B Goodfellow #2Hi ) DCGAN #
R IR BB AL M4 (Convolutional Neural Networks, CNN) F1 GAN #4545 [11]
tH Tero Karras 5 A2 PGGAN BB A —MoRe i 42 777 X (Progressive
Growing) K%k GAN, 18I IZHTIG RN LR 28 IR, 2 FF AR e VI ZRid B2 (1) [|] i, oK
Kigm 7 AEREG I &E; [12] BigGAN H Andrew Brock 5 A&, HIET ImageNet
HmtE, HEAES AW HAERBTE; [13] StyleGAN [FFEH Tero Karras %8 A, H
fEYE T HIE R SEBAREL (AdalND) HLIRAE R RS H 8. [14]
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Adversarial Nets Framework

D tries to make
D(G(z)) near 1,

D(x) tries to be G tries to make
near | D(G(z)) near 0

Differentiable
funetion [

T s nnpl( «d from
data

A

Differentiable
function

x sampled from .
11 J(.l{_’.l r

*

( Input noise = )
(Cooiiellor 2004

K 11: GAN HyfHZR4sHy

Training set Discriminator
Real

ﬁgir;(gom @ ) / _’ @ {Fa ke

— 9

Generator Fake image

Kl 12: GAN AR S5y
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Diffusion ¥ ##:4 (Diffusion Model) - Jascha Sohl-Dickstein &8 N#&H, ¥ #1525 5;
T2y B NE S TR B UG AL FR A8, [15] T H 57 EZ M H P §E A2 Jonathan
Ho Z5T 2020 £ 5] A2 ME4 Hi M (Denoising Diffusion Probabilistic Models, DDPM ).
Robin Rombach 5T 2021 $#2H # Latent Diffusion #%PL K 2022 S Stability AT %
T WA R Stable Diffusion #7,

DDPM = E 50 WA ERE, ATfmid 2 (Forward Process) Al [Aid#2 (Reverse Process).
XA IR H—F B SRR (Markov Chain) A%, RS2 M4 € 1 E
F— BB nE R, A R BRI R R S BRI A R A
T2, Kb — B N R G . DDPM & S e BUR L, 0k g A2 ol Ji s g
Py A BENLAE O A T A A R R R B I 2R D R R B, DDPM. X g
FE P TR 22 8T e, B A REE T TR I . [16]

AT R YRR RRFER ERITF R &, Latent Diffusion 5|\ T &= (Latent Space)
HINES . Y I gmht 2% ks B A 3T R 4 CRPgENFR S 18], R 7E RS 23 18] A 58 Bl B
RIS AR AR, 25, P I AR 2 4 e s 1a] o AR s 1) L A s 440 28 SR IR K /D o
[17]

Stable Diffusion #& Latent Diffusion 7£ XA F (Text-to-Image) 23N H. &
I 5N Open AL WA 1) CLIP BEAYHET SC7AE SOM EHUG R BR AR, 338 e i £ it 1) 5C
AA5 BARE

[18X11|XL
O O @z —©

———— ..

fI(Xr |x:—1)

13: DDPM [f) &8
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6onditionina
emanti
I Ma; |
Text
Repres
entations

Latent Space
Diffusion Process )—)I

~
Denoising U-Net €g ) 2T
ixel Space

—— 7

ZT
{ J
AN 7-9
Q
- A <« Y
denoising step crossattention ——

switch  skip connection concat

P

K 14: Latent Diffusion 45

High level working of Stable Diffusion

Clip text encoder

Kl 15: Stable Diffusion 544 K]

3 3D AIGC ZRiIRMEIER
BT RENHEA 3D AIGC IR A EATHIARRRRL, FRRENH AT R,



AR BRI A ——3D AIGC

3.1 17 3D Kk

Zero-1-to-3 Zero-1-to-3 H Ruoshi Liu & A#&H, & A] DUE 5 — A 1y B R A2 6 5
— R R R A, HEX YR AT S 4R X — AL I SR AR Y Latent
Diffusion #8Y, A HREW 7 ST RS AS [F) S AR BUAR XS LA BRI AR, DT £ K A 2 d
LR, R NSRBI EAEREIE. BiLE% S5 NeRF 44, XY
RHEAT RE— 2D =4 L. (18]

Input View (RGB)

* Zero-1-to-3 »
Latent Diffusion Model S el
Gaussian Noise Output View (RGB)

K& 16: Zero-1-to-3 HIMFE K

..Q * Zero-1-to-3 :ﬁ V"C?SJC

*
[ h. (R, T3]

V& Zero-lto3 & « ?

*
[h,{'ﬁz,w] h & 2

‘(“FMSE

sk

Rendering Input View

V% Zero-l-to-3 & « t'ﬁjh [

+ )
5 R, Ty

Ml volumetric Rendering

R.T Relative Viewpoint Transform
(R.T) .
from Input View

Neural Field &8

K| 17: Zero-1-to-3 5 NeRF W45 &
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ET Diffusion FI=ZHERIMRE X—J77kH Jianfeng Xiang NG|, ‘&2 T 41 Diffu-
sion LAY, Fef B — MR R 20 S . B EZ M Diffusion AR, H
— MM (Conditional Diffusion), —/Me2 L& MH4 # (Unconditional Diffusion).
T2 A AT FH T B LA RS — ML AL I, T AR OB 2 DU T 3 — 20 AR i e A
ARG X EE RTH RS ImageNet IIIZR T, BEWE 360° JCAE MM & &
%. [19]

g c @I 1]
o .2
-
5 &
c 0
Ss
o
€0 ) A /
S 2]
) :
3 Unconditional E Bl N
g Diffusion g, S Warp & Aggregate . .
o

Sampling

Conditional
Diffusion g,

Noise £
Cond €y

RGBD 1
(]
=
w
-
o
»
fi=]
{i=]
E
fis]
o}
m

Conditional
Generation

Sampling

Conditional

Diffusion g, Cond €;

Generated Multiview Image Set

RGBD I,

wi N
RS
5 2
=
Z g
o

K18 BTH RN 3D BN AE

3.2 %1k 3D jE

GANCraft GANCraft H Zekun Hao SF NGIN, 246 T — G RIESR A = 4EE 0T 30, gl
RS B AN L SO0 B A B R HE [ o 125V T AR il Hi M 2% SPADE (—Fh22
REBGER G T = 4EAE R GAN B, SR H Minecraft JiExH P 4552 70 B K,
FiAH SPADE 4 JLEA Db H L R (Pseudo-ground Truth Image). [20]
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projected segmentation projected segmentation

.

im2im
translation

Voxel world

pseudo-ground truth pseudo-ground truth

19: GANCraft

MPI Z-F[E#4 (Multiplane Image) & —FAE AR, & FE@E A 2 KRB R —5
ANFREEE N BRI, XS REHLRIAAE (Frustum) SHT=4EE &, X— 1L 5RE %]
Mgk &= 7 i MINE %458, Bo Zhang 5 NJ&T1X — VRS H 17—l el S AL 34
IR 2P EGE SR, HTERLR st 20 A E0EE, SEmEkshm. [21]

(a) Input images (b) Pose guided (c) Motion transfer
novel view synthesis

20: HSMARLEHEG] F 1 MPI &%

3.3 2D FH4R

Dream Fields Dream Fields H Google 7F 2022 &, & i) 3= 2 HUE N SC 7 A Bl B i
G =B @O TE S, B CLIP 8 5 TR =48 NeRF 456 .
JefkFE CLIP 5]'F NeRF A7 —4EH ), FiEd CLIP HbrA: sl AL i 2 WA B o2 15
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PSR HIA B, i R, BRI =N, [22)

bouquet of flowers slttmg in a clear glass vase.

. " 1.
“ ‘ Transmittance loss ai. E
1.' => ﬁT encouraging sparsity i P f

N
>

Neural Radiance Field

Transmittance a small green vase displays some small yellow blooms.

- ##ﬁ%f

a slug :rawlmg on the ground arcund flower petals.

Augmented LCLIP
Rendering . ) * 'e )
Caption: “Washing blueberries” E> - :> ne !_ ‘

21: Dream Fields B4R

DreamFusion DreamFusion [AF£H Google &, R LLikN7& Dream Fields FJEBEiA . &
FIH T Google HHFISCAA S AEA Tmagen A= YA Z MM E R, BEET
NeRF X Z M K dtiT 3D B, B =4, [23]

"a DSLR photo of a

| peacock on a surfboard" Imagen
n-L
P(light) 2.t ~ U(0,1) (@] ] &5(2ilyi1)

normals n| shading

rendering
density 7 albedo p | color c P(camera) e~N(0.T)
NeRF MLP(, 9) Backpropagate onto NeRF weights

K] 22: DreamFusion H45 4 &

CLIP-Mesh CLIP-Mesh H Nasir Mohammad Khalid %8 A&, &Z454 CLIP AL T
PR I = 4 B R BRI AL . e M W AR RER XA AT D4 3, AZ SR DA, 3
W2 AE; BE, B CLIP BT AT, tFESURREL X — IR EIEAA,
13 A AR Y 328 T 4 B R ) A . [24]
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Texture Map Text Prompt
CLIP Text Encoder Diffusion Model
(text embed to img embed)
A €t
Y
Normal Map é}c
Diff P CLIP
R::'lderer i 2 g| 012D €i 4
Encoder
M A = Laplacian Weight
Vertices T L = Laplacian Function
— b @ = Prior Loss Weight v
- Limit -
| subdivision —> — ’—e, e+ /\L('uertzces) ale; - €) ‘

K 23: CLIP-Mesh [FiRFEE

Magic3D Magic3D /& i NVIDIA W& ) 3D AR Ry . & A o A8 £ B AN B 28
— B, RIS 19 B WA Instant NGP, i 5 58 AL DA S I8 Gl 2 #1815
(7%, HERAIIGEN 3D B, B4, H DMTet JrikHASAYILGEN 3D MIRHLAL,
VENEE B BUEI B . 2255 B, 454 Latent Diffusion J732, 7EF& %S A/ HBEAT AL
TEGLL K AB, e m R 3D WA AL . [25)

[ a stuffed grey rabbit holding a pretend carrot ]

Low-resolution
optimization

Camea
nnnnn 1 L l Lsps
(eheres
Q)—b
ccccc

Iatent diffusion

image diffusion
\_} encoder prmr
pd ate

Instant NGP ] after optimizatio High-resolution
representation 3D mesh extra 3D mesh 3D mesh model

High-resolution

camera optimization

K 24: Magic3D HIfE R

MAV3D MAV3D & MetaAl W & P, EHEH 7 —Fh T HiR SOASkR A il = 4E 1 3h &
Ys 777 (Make-A-Video3D), X — HiEFIH 4SSN (4D NeRF), I
BAE B SCARA BRI (Text-to-Video) AL, AL BLIKIA AN % E UL JOE 3
—EME. EANTEEATA ) = 4E B DY 4E R BE T ABEAT ISR [26]
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I Scene Optimization
| Dynamic Scene Optimization
Super-Resolution Fine-Tuning

__ “Apanda playing
on a swing set”

A B J

MAV SR

I MAV l
n I T21 l
Render

SDS

HexPlane

K 25: MAV3D 2R

Make-It-3D 1 Bo Zhang 25 A#2 H ) Make-It-3D #i#I3ETF 2D [ Stable Diffusion, A&
Wik ZYEI B R THE R = 4E RS AR . AN SRR AN B FHBS B BE (Coarse
Stage) FMEMIBTE (Refine Stage). fEZE—FME, Jidiid NeRF ¥ — 4k I v FH4E o ug
=R, I HAREE R TS S AR B R B, Jeilid J5an iy A=
AERAYAE M R 55 & (Textured Point Clouds), EEMALA AT LS HI ST, BT

— AN]SR RE IR VE G as R A R LS AL I AL . [27)
1 Coarse Stage >
& ‘ -
—
|->[ Image Caption ]_ .{A brown teddy bear Diffusion % Lcup D
Model sitting on a ground. | o Prior | penoise

Ref fe e
2 Refine Stage I | | |

Df red Renders Enhanced Output .~

Cameras

[ Z—buffer & Rasterization

Textured Point Clouds

26: Make-1t-3D HI7iFEE
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3.4 &4 3D jk

GET3D GET3D & NVIDIA #&H R, 288 A GAN g H, 25 8T
A AR [ DR A S R DA A T o X PR, AT DG AR TR R s e AR TR R SRk, %)
WIRITEAR . B SR 70 Al AT IR ] [28]

Training

g W o

Inference

- i
J
i

AT
avavatayd
VaZAvAvAW

‘Zl@W1J %ﬂl . ﬁ. DMTet

. Geometry generator
N(O,1) ve

'
. ]
‘
.o
\
"
7 N
AN
v a
i H » N
Zo Wo . ] - . ’* Real /Fake?
reshape d
S I
NO.D) 2D Silhounette
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