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1) AGG: Amortized Gaussian 3D Generation
from a Single Image
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(@ Overcoming Challenge in Amortized Training
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2) SuGaR: Surface Gaussian Reconstruction
from a Single Image
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(2 Efficient Mesh Extraction

F5d EE P 54 dEA(1=0.03)94 £
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1) 4D-GS: 4D Gaussian Splatting for Real-
Time Dynamic Scene Rendering
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3D Linear Splatting(3DLS)2 7]& 3DGS +Z& 7
Asto] A 7d(linear kernel) & EQTOBH AT
R EERE WPl EHY 5 Y=g
AR AHY 7geltt. 71€ 3DGSE 74 3D ERIEE

A X, FEA T, A, FHES 3

RETRCE

do wx

O

EHE AL

2 Bd3la, o] 2D o]u|A 2 E95}e] a3}, o
uf 7H3-A1%F A 9 REE A AMEA A3 111
SotARt, aFut AV F2g A deAE
A7} ek,

olof ¥kajl 3DLSE A F< thAl A3 BAE 7]9ke] A
4S =5Jsko, o A BAIG Aeet daA Aol
7}%*8}5}.

o eh e A M
selek:

7)1Z 3DGSE FEAF AE ¥ = RSSTRT o 7]kt
PHAIGE 48 AL, A Tl el ARk
olch, hAlek of WAL BAN, A S2As) e 17

E[l_
S5 BHa7] ol 3DISE A% F4

iyl H o
i JEg

-
PN

oA AR J—%él 3D ?3“21 H s %E—:‘.f& 71E

=

ticto] Hct. thet, AA) WA ef 3DLSE A4 A A
A s}Eo] glojx] FA A Zdell= A7} At o] g
A&l dsty] flelM= 4D-GS S F8A A7t F
3 A A A e,

X 2F

[ S |

&8Nl oY

ot
>

3DGSE Novel View Synthesis(NVS) #ofol| A 1%
4 AR AYE el sl e 8 Rolel
R EERCIEE Ry EP RN

ElE7h 2 Tehe S8 AR 3 ARHE 484 Al
oz ZL%.‘B‘]—E]— o|Z & ds}t7| Y&l = A|etd Group

Training 7]"-& 3tF $E5 Ho| 30% F3A71E A
o, WeE & ‘—% frA EE A
Aol A= Group Training®] 7%
3DGS 7]4ke] 71 814 whila v astod
s W 23E g,

251t 0|c|of XS0 32

16



213

3D %[l 7|7

1) Faster and Better 3D Splatting via Group
Training
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IV. Challenges and Future
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