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DreamFusion: Text-to-3D using 2D Diffusion

&% : ICLR2022
Z£3& : Ben Poole, Ajay Jain, Jonathan T. Barron, Ben Mildenhall

e Diffusion modelZ;E L 1=Zero—shot Text-to—3DETILDIRE

e Diffusion modellZ &5 EEEZBELLTNeRFET ILEEE

e NeRFIZKYE1ELF S > Diffusion modellZ A AALEMEZE LR > £RREHERICEDE
NeRFZZFE
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Zero-Shot Text-Guided Object Generation with Dream Fields

25 : CVPR2022
Z & : Ajay Jain, Ben Mildenhall, Jonathan T. Barron, Pieter Abbeel, Ben Poole

LR HEEFETIIIDT—2EYRDlimitation| IKFLTEY—SOHTIULN T —REERTEE

LY

BE: Za—3I/L-LoF) T ERILFE—FIBEBE IUTIRAMNREZHAEHE.
HARESELRDOANSEHGIDA T HNDERETREIZT S

FiR:DITIoDF VI A FEBEBROKRBELT 22y THAINZIIEIN-EIE
-TXRAMETILVERINTER

%558 Dream Fields&EME[EN B Text to SADETILEFIRE. DT —A2EYMDITASINIL
[CRRGLARRIEAT OO EBEZLER

bouquet of flowers sitting in a clear glass vase.

:> L Transmittance loss . ‘ﬂf
encouraging sparsity t‘:"b 4 y oA

L&)

a small green vase displays some small yellow blooms.

gﬁﬁ@f

a slug crawling on the ground around flower petals.
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Meta 3D Gen  paper-link

=55 - arXiv2024

Z 3 : Raphael Bensadoun, Tom Monnier, Yanir Kleiman , Filippos Kokkinos, Yawar Siddiqui, Mahendra Kariya,
Omri Harosh, Roman Shapovalov, Benjamin Graham, Emilien Garreau, Animesh Karnewar, Ang Cao, Idan
Azuri, lurii Makarov, Eric-Tuan Le, Antoine Toisoul, David Novotny, Oran Gafni, Natalia Neverova, Andrea

Vedaldi

e view space & UV space, TORFELTATDERDend-to—ende LN\ =i ffiaEBEELTLVS

SWJOVIMNEEE . SREHIDVIATETIORAFYEFD3IDT7 Vb E
19 LIRIZE T BET )LMeta 3D GenZiEE

STAGE Il OUTPUT

INPUT:STAGE | STAGE |

Generated 3D asset Refined 3D asset
mesh +
Text prompt prompt use case 1:
text-to-3D
>atrexwearinga ——p e — —> texture
green wool sweater g s e refinement for
the initial prompt
¢ e
AL W
3D mesh: — use case 2:

reviously generated or artist-created
P V& texture

INPUT:STAGE 11 generation
Text prompt % foranew
> a t-rex looking like a panda prompt

Metticd Generation capa.bilities Generation time
Mesh Texture PBR materials Clean topology | Stage I only  Stages 1411

CSM Cube 2.0 (CSM, 2024) v v X X 15* min

Tripo3D (TripoAl, 2024) v v X X 30* sec

Rodin Gen-1 V0.5 (Deemos, 2024) v v v v =

Meshy v3 (Meshy, 2024a) v v 4 X 1* min

Third-party T23D generator v v 4 X 10* sec

Meta 3D Gen v 4 v X 30 sec

1* h
3* min
3*T min
10* min
10* min

1 min
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https://scontent-nrt1-2.xx.fbcdn.net/v/t39.2365-6/449707112_509645168082163_2193712134508658234_n.pdf?_nc_cat=111&ccb=1-7&_nc_sid=3c67a6&_nc_ohc=TdfUsn5eGzgQ7kNvgEHOS3G&_nc_ht=scontent-nrt1-2.xx&oh=00_AYD8g4FLpyO7sCjbw6v35ZprZNLFPJlQmPQVQ8aBJ1jIdg&oe=668D2BD1

Meta 3D AssetGen: Text-to-Mesh Generation with High-Quality Geometry, Texture,
and PBR Materials https://assetgen.github.io/static/AssetGen.pdf

=5 arXiv2024
£ 35 : Yawar Siddiqui, Tom Monnier, Filippos Kokkinos, Mahendra Kariya, Yanir Kleiman, Emilien Garreau, Oran
Gafni, Natalia Neverova, Andrea Vedaldi, Roman Shapovalov, David Novotny

o ANTHFAMZEELERETIAFvEPBR(Physically-Based Rendering) ¥ T 1) 7 JLZFEFD3DAY
DarER

TORFYERTITILEHIEHLEBETCEMELAY 2FE T dext to 3BDETIL
Meta 3D AssetGenZiR=

Text-to-3D generation -to- i - [
et g ln:ge» :o 3Dge';eratlon ’ A 23 VY S é’;’
o B “Hleww|| = S515(11
P - A FE
” . 5 %b ;; ' w DircclS‘DF loss -
source views l ? g ,‘n\ ; i
Text Prompt$ 4L EImage PromptZ Ah 9 5HZET ___ L )
MG UF AN ERRGTIORFYER DAV 1EER * 5 W
Material decomposition Relighting in different environments L
> a cat made p
of silver Pﬂ " l ﬁ 1Step: TF ARG ERA LR
2Step: B A 53DIZE#E

albedo met

\1
> a cat made
of rock

(E)TILARE, A2 JLHR R, STHRAIZ %H%’\&F
(BEFLWRETEA TSIV EMICEST
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https://assetgen.github.io/static/AssetGen.pdf

ProlificDreamer: High-Fidelity and Diverse Text-to-3D Generation with Variational
Score Distillation

£=E% ; arXiv2023
ZEH : Zhengyi Wang, Cheng Lu, Yikai Wang, Fan Bao, Chongxuan Li, Hang Su, Jun Zhu

e &= :Score distillation sampling (SDS) [&Text to D TAREZ/L AN ZE UL TLVS Hlover—saturation,
over—smoothing, low—diversity& L\ T-ER-EMNTFTE

e HH:variational score distillation (VSD)Z1e 9 5_ L TSDSDIREEEAZR
FiK:3DINTA—FESDSD LB EHM TG EREHELTETILE
B aWL AT REBEE, EORGEDI IV RIEARELE BREE DNeRFEERKT S
ProlificDreamerz B -’w,a?

Back Propagation

1
1
1
1 . .
! A highly detailed Text to Image
E sand castle. Dit’fusiona
1 I otrdi Lt
, v + Finetune ! €pretrain (Tt T, Y)
P ¥ —€4(xy,t,c,y)
. Sample \ z
@ —_— — LoRA
Add Noise

= Render 2D
‘*-a‘ NeRF/Mesh Image

Particles of NeRF/Mesh

l? Back Propagation

minE; ¢ c||€s (2, 1, ¢, y) — €|l
AddNoise ¢ : *
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TextMesh: Generation of Realistic 3D Meshes From Text Prompts

£5E - arXiv2023
#Z & : Christina Tsalicoglou, Fabian Manhardt, Alessio Tonioni, Michael Niemeyer, Federico Tombari

LS Z{DText to BDETILTIINeRFEE KT B-HERMIZZLLY

o

o HBHH :TextAA, DAY aAHADETILEHEE

o FiX:NeRFZFAL, SDFZE/N\vOR—2ELTHERA

e &M : Stable Diffusion, NeRF, SDFZF#lA & Hht HZ & TText to 3BDMeshZFHEE
Neural Field Optimization via SDS Mesh Extraction and Canonical View Rendering 3

(N
=
: - . | <1 Randomly=-Sampled Views d

DreamFusion

ul

I“‘~>VﬁﬂmhmiJ=Ep,b%ﬁwmﬂﬁyl}—fhm

Photorealistic Texture Optimization Conditional Diffusion to Obtain Pseudo GT View: 5 .
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& 3 ] : x O
V \/ - \ P QD ~
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< Randomly-Sampled Views :
=

< Canoaiical Views

o Sf—— B  Comditionsal Diffision Model SD
“A small, marble

“A chimpanzee
dressed as a statue of a cat,

Prompt

football player” sitting on a mat and

—
. —
B oo . I 1
( 1 (l—h(sxf = ||TpscudocT = 1|13 ) ﬁ X ‘* X licking its paws”
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Text2Mesh: Text-Driven Neural Stylization for Meshes

£ : CVPR 2022
ZE & : Oscar Michel, Roi Bar-On, Richard Liu, Sagie Benaim, Rana Hanocka
ER: DT —ADmEREMICEVWTREREZBET S-HDERERDEYLGEEXILHERE
o HM:IDT—HDHmELHIET 57 DText to IDETILEIESE
o Fik:MeshT—R&,Text# AJIEL, MeshT—2%ETextI TS KSITIEIE
e CLIPZFIRA
o &M GANDEBRIEBZWLIDT—FEYMNIKELET, Ay aDBEFAEEELT:

~

w
& Tl h A N
— 3 (r.gb) : )
. N,
i \ 1 L -
[ E B 4~
.9 — N d
= - Displacement Stylized
T § Mesh
\ Mesh /

2D Augmentations
|
[;

— — —
'-'\-‘ =
donut with gﬂ - - “£
sprinkles \ ) \ )
= ) ( \
\_ TextPrompt / D':::"'::?" “ —» :«\% —— Semantic Loss
Input 2w
“ b | E Y
k’_’.: i 4 e

Figure 4. Text2Mesh modifies an to conform to the l ! -

by predicting color and geometric details. The weights A stronaut Horse

of the are optimized by rendering multiple
2D images and applying 2D augmentations, which are given a
similarity score to the target from the CLIP-based semantic loss.

g
=
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Point-E: A System for Generating 3D Point Clouds from Complex Prompts

£ - arXiv

EZ3H Alex Nichol, Heewoo Jun, Prafulla Dhariwal, Pamela Mishkin, Mark Chen
o THXRNTAVITEANTAIETIDDAT OO —EADNERINBZIETILEFIRE

o —DDGPUTIAT U HME-UHI A LE 7D THERKATEE
e CLIP R—Precision, P-ISEP-FIDEWLNSIBIZCEHEL/=#E R, ML T 0TI EYR3ID BN AE

BEN TS EXHEER
e P-IS(inception score): ISF R T —ARIZEIGSET=HD
e P-FID(Frechet Inception Distance):FIDZ ST —R LSBT D

1¢5E®3D-?—9$m%“‘)l/otb)%$m ED5RIEZFER

—e— 40M (uncond.)
20 o— 40M (text vec.) =

—e— 40M (image vec.) 12 / -
e 15 —e— 40M ) 8 8
= —e— 300M g 1 3
10 E 1B 10 A [ /.H_.
? - 944 i ST
S N —— ‘ —

025 050 075 1.00 1.25 : :
025 050 0.75 1.00 1.25 training iterations 1e6 025 050 075 1.00 1.25

\

©o o o o
N w -
\

CLIP R-Precision

O
o

training iterations le6 P IS training iterations 1e6
P-FID ) CLIP R-Precision
Synthetic 3D RGB point
view cloud
“A corgi” —» > > >
Fine-tuned -~ Point cloud
GLIDE diffusion

R LOBER = cvpaper.challenge


https://openreview.net/pdf?id=bKBhQhPeKaF
https://arxiv.org/pdf/1606.03498.pdf
https://arxiv.org/pdf/1706.08500.pdf

T3Bench: Benchmarking Current Progress in Text-to-3D Generation

=% - arXiv2024
ZE & : Yuze He, Yushi Bai, Matthieu Lin, Wang Zhao, Yubin Hu, Jenny Sheng, Ran Yi, Juanzi Li, Yong-Jin Liu

o Textto DIZHITAHFT-GFHMIEELTIRE
o B :Textto IDDERT—RIFEE M7 case study/user studylZK>TFRZFMLTHY, F
HI7E EFAf AY4T 2 TULIRLY
o FE HAEBMT—EADMELPromptD BEESFTEEMNIFEETHFEXIRE
° EEﬁ T —R3EZBR/EmhoLIU A )T 5ETHRRDEHEIEIZELYHText to BDET LD E

LA ik S
Quality Assessment ;
s B ..
40.2/100 /
“ * ®
» ® Magic3D
L L 3 ot
@ . ° 68.6/100 M
o
Text-to-3D Multi-view ca i
= ; 2 pturing ImageReward
Prompt Methods Multi-focal capturing & regional convolution Score

“A shiny emerald Alignment Assessment GPT-4
green beetle” . - 7 Score

Multi-Caption

& Image1 | [ Caption of View 1 i e .
L) _ — . “A green beetle” 4/5
® Image 2 I BLIP \_»Capzion of View 2 | GPT-4 g O

e - Merging
¢ ° _Image \L] | Caption of View N | = “Green Beetle °
Multi-view captioning GPT-4 Text Recall Evaluation
=
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Text-to-3D using Gaussian Splatting

&% : CVPR2024

ZE & : Zilong Chen, Feng Wang, Yikai Wang, Huaping Liu

3DGSZE AL f=Text to3DET L CHEZGSGENZFIRE

EEREROF AN MM TET S A DIDT7 v EaERTHENE R
SRITTSDSIEREZHIIEE IN-RBILBETILEREL, —BELI=UF ANIERK
Stable diffusionE X—XIZET ILEHEE

prompt emb. - Prompt: A blue poison-dart frog i

- = sitting on a water lily !
> 2 o

o [ ;

prompt emb. :

2D Image Diffusion _ e - |

- —! 2 & :

pos. output b [} ) A e |

Transformer f | E 2D Image Diffusion —— i

. VeLspsps | L . \ J |

positions ! RS A ® :

3D Point Cloud Diffusion ! i Compactness-based densification !

Geometry Optimization Appearance Refinement

1. A7 DEEZHAIET H1-0IZ Point-E ZF| A
a. AHSN-BZEERFRATIEATERENHAIENHBALTNS O, BERILGERTCE DL
TIUF LG BEOHMBAETER
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BAD-Gaussians: Bundle Adjusted Deblur Gaussian Splatting

£5% : ECCV 2024
#Z & : Lingzhe Zhao, Peng Wang, Peidong Liu

o BER: NWASE—L1avICKEHFHALEEERZN . SfRMEID—VBEEETHITS

o HBHM: 3DGSIZE DWW =HAATE—avIZ&BIF(TEEET HBAD-GaussianDIEE

o FiE: NATE—I3VICLDIFITOYEHNTOEREID-GSHEEFIZEA

o NATENEID&HZREL: BEHEFRIANICE I T50HZRBLRBREDDNLNATERBFHTE
o IRINY—TEBRDER: BN >THYABRMISEERIZZFELTEIE

o NIRABEHMDEZREL: EHIZITEREANIITEREDREER/ME

Bl S0 T=ESEMS)TILEA LTERERID—RBEZIE

---------------- Virtual Images
SfM Points  SE(3) Trajectory Virtual Cameras ! I Differentiable

1
§or o o ——— : Projaction : — I Rasterization : —_— N\
/'\_/ --------------- A
Exposure Time g
D -4
T By phl csspapmiios e
________ start end : Adeotive : \1]
| Initialization | Scene Representation . Density Control | Motion Blur Image
Sagtured Image ——————— with 3D Gaussians / Formatlon Model o= = = @ Averaglng
B(X) ~ — Z G Il
-~

-
—> Operation Flow —» Gradient Flow

Loss ) " II
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Deblurring-3D-Gaussian-Splatting

&%  ECCV 2024
#3& : Byeonghyeon Lee, Howoong Lee, Xiangyu Sun, Usman Ali, and Eunbyung Park

o BER HASE—1a o PA Tz IMFEHICLLHAEALFETEEDL . BfRHGID—BIEES
HiTs
o HBEJ: UTILRAALTIZNOHREFABEE T BDeblurring 3D-GSHFIRE
o Fik MLPEZFERALT. BIDAVITUDHSHEIREEL.IDL—2DIERLFEETILE
[(ZOFF-EBIZEDRN—REABE@ OO, AL EF-EEFE OEMRAZEML, o—D
EATE@ITINMLDBLWVEEIZKYZLD RFEE

o M BIFOREMETIVERENENLULEDLUF) DT METERK

i l v Real Defocus Blur
@
X‘ " — ‘Diﬁ'erentiable b 24.04
v | [or2] - [ame &_ Rasterizer 0I5 | ® Y
s, || 65, S : {7
i JA , 25{ B
Transformed 3D L Camera Mo.tlon B]}lr:red * Oiire
Gaussians Image During Training 23.01
Sharp Images from ' . DP-NeRF
: Different Sets of 3D Gaussians o 22.51 . ® PDRF
Differentiable I = 4@ Deblur-NeRF
Rasterizer (£ 22.01 {7 NeRF
3D Gauss1ans : Sh NeRF
Sharp Image 21.54 Da rp=he
‘() During Testing -_ A 3D-GS
J i . .
------------- » Training (Modeling Camera Motion Blur]
- TR ooe g ) 20.5- h
Y@) —|| Fp ] W ——= Training (Modeling Defocus Blur)
= 2SI —— Testing (Sharp I Renderi ' T T y y T T
et {hmp uags Kendecing) 02 1 4 16 64 256 1024
Transformed 3D Defocus Blurred FPS
Gaussians Image During Training
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COLMAP-Free 3D Gaussian Splatting

&5 : CVPR 2024
Z3& : Yang Fu, Sifei Liu, Amey Kulkarni, Jan Kautz, Alexei A. Efros, Xiaolong Wang

o I Neural Renderingl&SIMZEE D IEFEL D ATTR—AHEE IZKELIKTF
o JLIERER, MM D IEREN, TORATFYEE
o HW: BEZEERAT AL TSIMOBTNIEALIZIDGSEEIRT S
o Fik: £IL—LIZTLocal IDGSEALL, GLobal 3DGSIZJEXR#HE
o JL—ALRBDHIRDHERWT I EBRERBL, hASEEOL—2FLEES
o HEE EITHIETIERELAATSOHEZHRSENARBENDFEEICRVEZERBALETHIIE
#BHSMIZL, BB EIDGSEHAEH B D ETHRIR

{" Global 3DGS

u)—w
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CityGaussian: Real-time High-quality Large-Scale Scene Rendering with Gaussians

&%  ECCV 2024
£ 3& : Yang Liu, He Guan, Chuanchen Luo, Lue Fan, Junran Peng, Zhaoxiang Zhang

o R BERIDI—usm2lZ3DGSEAKF, 20MA VL 7 UL ETGPUAEY AR ZE
o Eﬂﬁj 1. D EI#R AL L2 Level-of-Detailz A S HE-FEHEIRIZKY, ERIDI—UIZHT 53N
FREEBEL A T %R 3 5HCityGaussain(CityGS) & iR E
o ?‘f DENMEETIE, BRI —UFERHEVNEBLKEE T HETAEYZESR. I6IC
, Level-ofDetail CIEFA D BLA VLT UZHIBT 5L TEREIE.
o #EM: MatrixCitylZBWWTRIFTFALLLE L CRIFHMEELERK

How to free unnecessary Gaussians from rasterization
is the key to real—time large—scale scene rendering.

eas o SUCTRNL A hine X
R | ; 3 [T Little Block
: : : : . “ Contribution [ = ion” 3
s 4
et C\/JE N
Coarse Global Gaussian View Point Parallel Training Fine-Grained
Gaussian Priors Partitioning Data Partitioning with Global Prior Result
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3D Gaussian Splatting as Markov Chain Monte Carlo

£ - arXiv2024
ZE & : Shakiba Kheradmand, Daniel Rebain, Gopal Sharma,Weiwei Sun, Jeff Tseng, Hossam Isack,
Abhishek Kar, Andrea Tagliasacchi, Kwang Moo Yi

BE
e 3D Gaussian Splatting (3DGS)%Markov Chain Monte Carlo (MCMC)H> 1) 45 &L THARR
e  Stochastic Gradient Langevin Dynamics (SGLD)ZRAW\=H 7O D EH
o BHEEA—VRTAUREHRRL. BHRMNIZEMTON-7TO—FEEH
EJipsaak
e 3DGSOI—UEREILEZMCMCOERIZEIETER
o  MHEITHTBZONAMENKIBIZAEL, SUFLLBYEIENSTELE RELEER
LS
e  NeRF Synthetic. MipNeRF 360, Tank & Temples. Deep BlendingT —4%t v CL1fi
e  PSNR. SSIM, LPIPSIZE DR TRERERFERERF L L DHEREZ EM
o RBIZUFLWEIENLDEE TREDIDGSEARE LEISHRELZRT

3DGS
Randqm

Table 1: Quantitative results with same number of Gaussians — We report results using PSNR,
SSIM and LPIPS metrics. Our method significantly outperforms all baselines even when starting
from random initialization, with a large gap in performance when compared with 3DGS [9]-random.

NeRF Synthetic [16] MipNeRF 360 [2] Tank & Temples [12] Deep Blending [8]

PSNR? / SSIM? / LPIPS| PSNR1 / SSIM1 / LPIPS |, PSNR? / SSIM? / LPIPS | PSNR1 / SSIM1 / LPIPS |, E "
NeRF [17] 31.01/-/- 24.85/0.66/0.43 - 21.18/0.78 /0.34 2 -g;_
Plenoxels [25] 31.76/-/- 23.63/0.67/0.44 21.08/0.72/0.38 - = c
INGP-Big [17] 33.18/-/- 26.75/0.75/0.30 21.92/0.75/0.31 - o 1]
MipNeRF [1] 33.09/-/- 27.60/0.81/0.25 - 21.54/0.78 /0.37 [+ 4
MipNeRF360 [2] - 29.23/0.84/0.21 22.22/0.76 /0.26 -
3DGS [9]—paper 33.32/-/- 28.69/0.87/0.18 23.14/0.84/0.18
3DGS [9]-Random. 33.42/097/0.04 27.89/0.84/026 21.93/0.79/0.27 29.55/0.90/0.33
Ours-Random. 33.85/0.97/0.04 29.58/0.89/0.19 2447/0.86/0.19 29.66/0.90/0.31
3DGS [9] - 29.30/0.88/0.21 23.67/0.84/0.22 29.64/0.90/0.32 =
Ours - 29.83/0.89/0.19 24.19/0.86/0.18 29.80/0.90/0.30 S Cvpape r' C h al Ien g e




Mip-Splatting: Alias-free 3D Gaussian Splatting

£i%  CVPR2024 (Best Student Paper)
£ 3& : Zehao Yu, Anpei Chen, Binbin Huang, Torsten Sattler, Andreas Geiger

BME
e 3D Gaussian Splatting (3DGS)ZHLEEL . RILFRT—ILDLUE )T ERER
o IDRBEODBRKERBEFIBRTDIDRL—UUT T4V EA—EMBMEIRETOCREEMT DRI R T4 ILA—ET L T=2D Mip 71 )LE2—
B A
IR
e IDGSHE—RS—)LHRBEILDERERR
o I ——UUBEERBBRRT—IL(IRAPREE)TOLUA) T ETHEIC
o RXR—LAVORX—LTINEDT—T477IMEHIH

BlenderT—%4+tzv k& Mip-NeRF 360F —4A 2y TEL{l
No—=UF ERICLRAT—ILTOTAMCRERD FELERED R
BHBRT—ILTOLUE) T CREFZEEXIEIC_ LR SR

(a) Faithful Representation (b) Degenerate Representation
3D Object

1A

Faithful
Rendering

Faithful
Rendering

\gi/

(d) Zoom-in of (b)

Erosion
(Brake cable
too thin)
7
Increased
Focal length

High frequency
artifacts due to
degenerate (thin)
3D Gaussians

Dilation
(Spokes too thick due to
screen space dilation)

il
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RadSplat: Radiance Field-Informed Gaussian Splatting for
Robust Real-Time Rendering with 900+ FPS

=55 - arXiv2024

Z & : Michael Niemeyer, Fabian Manhardt, Marie-Julie Rakotosaona, Michael Oechsle, Daniel Duckworth,
Rama Gosula, Keisuke Tateno, John Bates, Dominik Kaeser, Federico Tombari

M=

e Neural Radiance Field (NeRF)&3D Gaussian Splatting (3DGS)DF| R A S HE-F

i:RadSplatZ iR =

o FEHRI—VIZEITHIDCSHREILEFRLEENeRFRIFLZMIAELL THERT HZETHEIR
o HHEEMRL—2%900+ FPSTYTILAALLIUA YT H5ER

M

e NeRFDSEBLIDGSHEEEZMHABDHLELFE

o HIORADEEEICEIHLWIIL—=
o KRB —VIIHIETA=-ODEAN

e 3D GaussianDEIIA U FILELLEBL TR KRI10ZHIR
o KEREI—THLERELLUFVTEHE
1. Robust Neural Radiance
Field Optimization

Volume "
CGT“
Mlg SoEE
ay Distance

2. Radiance Field-Informed

Gaussian Splatting Optimization

i aq
Input View 1‘2(,2%
9,1-2@

“»Ray Contribution-based Pruning

s Adaptive Density Control

VU FEOEE
N—ZADERETAIRA) T FEEDEE

— NG = I3 + ASSIM(I}, I})

3. Post-Processing for
Accelerated Rendering

Rendering w/o visibility list

(a) 3DGS

SSIM?t PSNR1 LPIPS| FPSt #G(M)

e AN IR

INGP [35] 0.705 25.68 0.302 9.26
BakedSDF [73]| 0.697 24.51 0.309 539 -
MERF [56] 0.722 25.24 0311 171 -
SMERF [10] 0.818 27.99 0.211 228 -
CompactG [23]| 0.798 27.08 0.247 128  1.388
LightG [11]  |0.799 26.99 0.25 209  1.046
EAGLES [14] |0.809 27.16 0.238 137 1.712
3DGS [21] 0.815 27.20 0.214 251 3.161
Ours Light 0.826 27.56 0.213 907 0.370
Ours 0.843 28.14 0.171 410 1.924
Zip-NeRF [2] |0.836 28.54 0.177 0.25 -

¥LCamera @active G. @ non-active G.

(a) Mip-NeRF360 dataset [1]

il
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StopThePop: Sorted Gaussian Splatting for View-Consistent Real-time Rendering

=5 arXiv2024
£ 35 : Lukas Radl, Michael Steiner, Mathias Parger, Alexander Weinrauch, Bernhard Kerbl, Markus Steinberger

BE
e 3D Gaussian Splatting®7RyE I B BRR T HBEBHILUA YT Fik
o RyELY AT HMD—EMNERIENLYHEZAYLELSIZRZ, LAV DEGKENELEDODNEIRE,
o MBHEIKELEW—BLELUAYU I EER
o LAYV /EEEEEZHIZELDD. T—TA4I77IMEKRIBIZHIR
M
o HOLTUDREFEMEICHEL. RAICKFELEVWAEREZFER
o BEEMLLUAILTIMTSAODEE
o REVITT—T4I77VCDEEMFHEF EDIRE

3D Gaussian Splatting Ours

View Rotated View View Rotated View

o AUTHILDIDGSELLEL TIDA —/N—AYRTHE—BHERE
e  Opacity DecayZ AL A&, 3D GaussianZ50%H L D DRIZED B #

Dataset Deep Blending Mip-NeRF 360 Indoor Mip-NeRF 360 Outdoor Tanks & Temples

Metric PSNRT ssiMT rprps! dquip! PSNRT ssimMT  rLpipst 4up!  pSNRT ssiM!  Lpipst  ALipl PSNRT  ssiMT  Lpips!  dLIp !
Mip-NeRF 360" 2940 0900 0245 0138 181570 0914 0827 1N0088Y 2442 0691 0286 0170 2222 0758 0256  0.232
Instant-NGP (base)" 2362 0797 0423 0258 2865 0.840 0281 0120 2263 0536 0444 0203 2172 0723 0330  0.245
Instant-NGP (big)" 2496 0817 039 0222 2914 0863 0241 0114 2275 0567 0403 0200 21.92 0745 0304  0.241
Plenoxels’ 2309 0794 0425 0244 2484 0765 0366 0182 2169 0513 0467 0229 21.09 0719 0344  0.262

3DGS 2946 0900 0247 0131 3098 | 0922 0.189 0094 2459 0727 0240 0.167 | 2371 0845 0.178

0199
Ours [729586° 0904 0234 0127 3062 0921 0186 0.099 | 2460 0235 0167 2321 0843 | 0173 0216

3DGS (Opacity Decay) 28.94  0.894  0.262  0.34 3057 0918 0.198 0097 2445 0718 0261 0169 2352 0839 0.194 | 0:205
Ours (Opacity Decay) | 29.84 0.241 JOYM26M 3003 0917 0.194 0103 2446 0722 0254 0169 23.18 0839 0.184 0.214

il
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Scaffold-GS: Structured 3D Gaussians for View-Adaptive Rendering

£i% : CVPR 2024 (Highlight)

Z3& : Tao Lu, Mulin Yu, Linning Xu, Yuanbo Xiangli, Limin Wang, Dahua Lin, Bo Dai

BE
D= DIEEEEEBLI-MEEMNZ3D GaussianZIgE
Anchor pointsZ H1ily[Zneural GaussiansZf8#EL . R AICRCTHESMIZLUZ UV YS

SIMMBELNT- R EEEH L IZERIEEFIK Danchor pointsZ i EE
e Neural Gaussians®/ V5 A*—A%anchor pointDFHE LR AMBEIZE DUV TEIRIIZF A

R

e 3D Gaussian Splatting (3DGS)DEEE TH A GaussianDBE|LILKEB A ETILADONAMED RINEHEIR
° Anchor pointsZ ALV =[BRS —URIBIZKY . O— 2 DM FHEEZZEL-OV/INMIMNEETILEER

° Neural GaussiansD/\TA—RZ BN ICHRT HET. AR EITHT @I EER L
HR

° Mip—NeRF360. Tanks & Temples. Deep Blending. Synthetic Blender, BungeeNeRF., VR-NeRF T3D-GSERIZELL EDL A )T REEER

ETILHAXEKIBIZHEIBEL DD, 3D-GSERIENEEL AT EER
TILFRT—ILD—20FH LR R (Novel-view) TOEBNT-4REEXTRT

e (b) Neural Gaussian Derivation (k=4) (0 NE“I’;[ :_ablllzsl:::‘Splanmg
Visible Voxels g
X N, A<t A
n,y L MR S ¥ 9 >< — * [ ’ ,( |
] SR U P y y Fosopac | % o = byt
o3 L i Fe->rgb . '03 ‘g‘.»Z: . .
8 i . Fs->scale 0! N ¥ L » L1 Lesi L
BT Fq->quatrn. X ( - 1, LsstM, Lvol
' | ‘1
C b Rendered RGB

Dataset Mip-NeRF360 Tanks&Temples Deep Blending
FPS Mem (MB) | FPS Mem (MB) | FPS Mem (MB)
3D-GS | 97 693 123 411 109 676

Ours | 102 156 (4.4x ) | 110 87(@4.7x 1) | 139 66 (102x 1)

Dataset

BungeeNeRF VR-NeRF Synthetic Blender
PSNR Mem (MB) | PSNR Mem (MB) | PSNR Mem (MB)

3D-GS | 24.89 1606 28.94 263 3332 53
Ours | 27.01 203(79x]) | 29.24 69 (3.8x ) | 33.68 14 (3.8x])

il
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Trimming the Fat: Efficient Compression of 3D Gaussian Splats through Pruning

=55 - arXiv2024

£ 3& : Muhammad Salman Ali, Maryam Qamar, Sung-Ho Bae, Enzo Tartaglione

BE

e 3D Gaussian Splatting (3DGS) ET ILDMEMLEMBF EZFIRE

o AHEIFHREFALE-REMNTIL—=2% EFine—tuningD 7 TAO—FEE A

o ETIYARXFHIFLENS, LAY RBEHRE/R L
RN

o AIEHELHEOMAEZEELETIL——20&B0%E

o ERFEMILER/N\—R1bIZ KB FPTERE #E D [B] 8

o BE|NTA—FELINIZKEZETIL(3DGS-30k) MR, K2 IZIEHE
ER

X K75%DGaussianZFREL RA—RXSA U ERIF U EDERER#

RNIMVEFILEFRTIEMNEDAT)EBREA—XSAVETILERIEDHE
LR EEHAME L. K600 FPSEZERL

-

7.5x compression (,

60x compression & ) -

Trimming he Fat Trimming te Fat +
\ K Proposed Approach

24.0

23.8

23.6

23.4

PSNR

23.0

22.8

22.6

0.00

il

Tanks&Temples

— %—=—n
I g

Z

—l- Trimming the Fat
—A- 3DGS-30k
V- Compact 3D

0.25 0.50 0.75 1.00 1.25 1.50 1.75
Number of Gaussians e
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High-quality Surface Reconstruction using Gaussian Surfels

£ 5% : SIGGRAPH 2024
Z & : Pinxuan Dai, Jiamin Xu, Wenxiang Xie, Xinguo Liu, Huamin Wang, Weiwei Xu

BE
e 3D Gaussian Splatting (3DGS)D &L FlELsurfelsDRE B S HZEEA S HE-FLULVKRIZA %, Gaussian surfelsFigE
e 3D GaussianDzEH R —)LZ0IZEREL . IDEMA{AZ2DFEMIZFERE
o WMARIKDFEMTEBRESERMLELUOZIVTOMMEENET S
RN
e 3D GaussianZ2DFEMIZFIBIEL ., BATRMIISER A RZEZEE

o LIUFYUTINIRERYTIMOEEINSERE LUF) VT ENTSERTYTD—E %R Dself-supervisediB K F 1R E
e  Gaussian surfels® BB FERZ FAL V=volumetric cuttingZi2 =L ATV D FEEHEREZR L

HER
BlendedMVST3DGS. SuGaR&k Y Chamfer distance AN KIEEHE
LoB) T REIZEWTERE R E TNeuS22 LHS
FE B ENeuS &Y KIBIZHRIL . 3DGS/NeuS2& R
( ______________________________________ ST Gt PR S R e e e e
(b) Optimization [ (¢) Volumetric Cutting And Meshing 1 |
= P = g fpii e ; A . . & 8.8 t
| ¢= ;Tﬂi‘w b= Tm;ﬂ“zdt(“)' N= TMI;Tx“thL'Z] ; ; e 3 SuGaR [CVPR 2024]
1 Gaussian surfel ! : 7.8 i
: / Real surface il g 6.8
i ’ i
! Input RGB ' D Occupied voxel Yoy é 1 3DGS [SIGGRAPH 2023]
i b, S Remove | i 1 558 ®
(a) Gaussian Surfels s, = Diag[s,s?,0] | errorneous | I:' Uiotonpied voxd v 3]
Representation - lf_ -2BIREe S 11 1. Photometric 2. Consistency 3. Normal depth B 1 E 4.8
i Loss Loss Loss | 6

fo
w
%

——— - ————

""-, A '
- N p - A 25 NeuS2 [ICCV 2023  NeuS [NeurIPS 2021]
{ T i | . ] °
év %7 ] ‘] 3 § i .O | . | B———————
<N i 1.8 tLJUIS
\_/" 2 8 32 128 512

Training time
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DGD: Dynamic 3D Gaussians Distillation

&%  ECCV 2024
£ 3& : Isaac Labe, Noam Issachar, Itai Lang, Sagie Benaim

B
o EIMDL—DETUTAIRENEEREFIZFERE I 53D Gaussian Splatting (3DGS)N—RAD Fi&
o H—QOHRETAMNS., BIMNAIDEY T yYRadiance Field&2H
o TXRNTAVIMIEIZKDIERMGEALA—TI—ATHERD I T1v I 2T A T—a  LBHEER
R
o WERDIMIDGSFEATIIRALEN oI TAIRE, NEEDAAN) LRIBFIZKIR
o  &3D Gaussian|Z YU TV ILLMBHEFAHAH . BN —2TOEIVTAvIET A T—aVEER
S
o BUAT—IIUHEETHRD2DF L (LSeg) ZRIRIZEES
A—H—FAIENTR—RSAUE LRSI AT a v RBERARO—BEHEER
LA R EE3DGS LR (200K 7 E A2 7K E$30 FPS)

t = 200 t =400

P—
Time (Z —> Gaussmn

Deformer Rendered Perceptua.l ) Ground-truth
3D Gaussians Sz, or, 88 Image Loss Image
z]r]s SN l
Spatial parameters Foundation

\
‘ o | Splatting Model

lc|o ’—J - |
. Appearance properties Rendered Semantlc | ¢ Reference | ¢ I %
. 7 Feature map ‘\ Loss | Feature map |

Semantic feature

Rendered View

Segmentation
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Segment Any 4D Gaussians

£ - arXiv

Z & : Shengxiang Ji, Guanjun Wu, Jiemin Fang, Jiazhong Cen, Taoran Yi, Wenyu Liu, Qi Tian, Xinggang Wang

B
o ADHILTUIZEDNWTADTOHAIIHRDH LD DEDEET A T—a
Fi&
o /ARXNZULEL2D4 <y T ibCanonicalZi 3D HIEEZFE
o SplatL7=2D4HHE R ZHEZE LT H2DCNNEFEE
fa R
e RTX 3090 GPUZ{FEAL TIOMLINDEREA ATV T4T T AoT—a0EEH

Timestamp ¢t - A Lot
v § B Identity features E Identity f
=
7 § P
Identity Feature e T 3"
-y = Field Network ¢g ¢ # % )
ol & UL Splatting Video
. Eir ‘ﬁ" e Tracker
= | Deformation Field W, ‘
s Network F S ~
Canonical 3D Deformed 3D Lipss ‘
. = !
Gaussians § Gaussians G A " ' >
other attr. 2D segmentation /g, g

==
e——
==

cvpaper.challenge



NeRF-RPN: A general framework for object detection in NeRFs

£ : CVPR2023
#Z3& : Benran Hu, Junkai Huang, Yichen Liu, Yu-Wing Tai, Chi-Keung Tang

BZE
NeRF E CEEEET H3RTMARBREHDIL—LT—I% O TIRE
NeRFTCIRTYMABREEFE T 50D T3 vhEEE
Fi&
NeRFCEEIN-ZMZE—EMRE T Uvr{EL, HoFU2y
Yo ) L=ZEMIZxtLT3D FPNZMT5Z TR Z R
S

o HypersimzFLV=RERTRIFLIEREERK

FCAF3D Ours

= cvpaper.challenge
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NeRF-Det: Learning Geometry-Aware Volumetric Representation for Multi-View 3D
Object Detection

£i& : ICCV2023

£ 3& : Chenfeng Xu, Bichen Wu, Ji Hou, Sam Tsai, Ruilong Li, Jialiang Wang, Wei Zhan, Zijian He, Peter Vajda,

Kurt Keutzer, Masayoshi Tomizuka

M=
o MHIRDIRTWIRIRE ENeRFEFREIZHENTT - ETIRTYAIRH /NeRFDFFEANE L

Fik
o NeRFOEEIT(—ILEDHEEREIRTMARBRBICIDEET—ILEDFEEREREMEICI—D
o IRTYABRE THOLNIIEFHELENRFAIIZIY ANSZLTEHAD HEERF

TER

o BEFDIRTYARREELLERLTIREMR £, NeRF-RPNELYHIRERICERIE

L
3D : it G
Detection f —#“] pe
: i | N T
: BAuH-¥lewiimages | 3D Object Detection

Geometry

x&?

NeRF

Novel View RGB and Depth
Rendering

= cvpaper.challenge
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NeRF-Det++: Incorporating Semantic Cues and Perspective-aware Depth Supervision
for Indoor Multi-View 3D Detection

£ - arxiv (2024)
£ 3& : Chenxi Huang, Yuenan Hou, Weicai Ye, Di Huang, Xiaoshui Huang, Binbin Lin, Deng Cai, Wanli Ouyang

M=
o NeRF-DetlZHITHEREME, ZEROY LTI HE REBRODEFAAETNENIIONTHEZ
TOCETREZRE

Fix
Semantic Segmentationt,FE St 5 & THMAD 51 H 2 HIHI
3%71: DY Ty % —EBRTIEESHATEBIZRH L TRIZITS
REEBRZEERFETHTEET, BFSOLARNILTHEL, TOREIRE1TD
TER

® ScanNetV2&ARKITScenes CEEFEFiE LB L-ECAERIEEFHESR
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NeRF-MAE: Masked AutoEncoders for Self-Supervised 3D Representation Learning
for Neural Radiance Fields

5% - arxiv (2024)
Z & : Muhammad Zubair Irshad, Sergey Zakahrov, Vitor Guizilini, Adrien Gaidon, Zsolt Kira, Rares Ambrus

M=

o NeRFTRESNF-ZERMITHLTYAXLY, BERZTOBCHMHYZEZAV-EIEEAEZR
ES
o FEIMNT=Encoder, DecoderzfEAT H_ETLKDOMNDIRFTIRHD THRARVIZERATRE

Fik
o NeRFZERIZHITDIEELE EFEncoderlZA N, TDAREIZHITHHRIILFKRIEAZEDecoder TH 7
fa R

o NeRF-MAETEHHRIFELI-ET I TIRTYFRY, BRELEDIRIVTHREFEFEZ LEREEE

a) Masked Pretraining Voxel-Grid Neural Radiance Fields b) Downstream 3D Tasks
Posed RGB

i

A 6 AR TR TTRTR ﬁ Opacity-aware it -
= 4 4 é 3D Recons truction Loss stiatiist
ﬁ il et il 2 ! “ﬂ

i. 3D Object Detection in NeRFs

G.T ||

Voxel Decoder

Legy " -G.T " + Lo "

L) NeRF-MAE
7 i .:‘ s, Transformer Encoder
- ] 0s1i 10.na

L L L L LJ U
NeRF Masked ixdx4 j 1 ’ . 1 i' Reconstructed Radiance and ' =~ "+
Radiance and Density Grid =~ patches 8 L L Density Voxel Grid iii. Semantic Voxel Labelling
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A Y —~1

Transferability metricDRFr &, TNZEEDLIZ 'Shnn, OEIE



A —_RLDBER

NETOHMENHHINSIE
hFETCOHR T AL DMRBELTTFETEZSLHLD
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RRBEEBS LT ULY

[BDHAR EAATING A=A L2DEHRE /D IETED
Mo eIRETEICIE
—>2D0)EE,E'I’E$-‘&EHH SDIR O AASE B ZREL
IR T AMR A E

Bundle Adjustment® i)

EWA

150

¥+

REE, Ay RIEILDOFIDMRRFETERZE SN
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l//’5l7 NeRFLLRID M mIgEL Z )T

#5 3 O I(DTAM/DSO%E)
NAZITAL U OBIZBRAISN =3 RTRIL,
NAS2DTER— 7%?J:0)@75\ FWVARIANREESNSD

IER=Z8/ 1 x51oEE0E:
IER—S& DR | B |

AIYEERE

AXZ2

dgt do AXZITOD

SEAE AR (CHEBDOB/NMENENDIEE LB S
- HERIZERYBRLTIRAFVvINI—20" D5
- BB OBERNERHS
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L35 :NeRF

3D AR Z KR D & 5 FEFZ (Explicit) | TIX7E<
[BHEERICHELNHSATERENE (Implicit) I TEEb 95

e ﬁ(x,y,Z,e,(b)—»["][l—»(RGBa) —

N / F o T
Fo o » e Yo g - -

N A

Implicit®RIFZ2DICENTES M A AIgEL A 5L T
RYa—LLIAYT ZEA

il
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L2535 :NeRFIFGH IR TE LD H

HANAZDEATIIERDOBHAENRANTEEMGSIC
TOMADFIREEZ R T K5ICR#EE

r IER—FREDLVFTUVT | B |
— T ER—Si8 L OB )
Itm—iﬁ\‘/f " I |
AIYEERZE DERIME
L1 LtD “/I\‘
BESM RIS
A5 2
M XS TEREDIHEL MO XS TERENERS
SEDREVWEET > & DINEVWEET
AIFEERZ DV AIFERRZE DR

FIERRIENASES O H S THE VG RE L 75 R HERFG AT HE !
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L 255 : NeRF D U DR A

NeRFIXELE THHEAI L SN 1= (FBHIERD L) MLPM S
DI FREIL T HEEFELLGZ N5
— BRI 5E é'cm\z Dﬁﬁtm DL:"LBJ:(%*L%) (ex: SA3D)

JARXRDPEAE HER THFE AL
SR ERETILDIRATS5A L8 T=% (ex: DreamFusion)

W“ % ;ﬁ
P(light) Z
| shading

nnnnn

e e

NeRF MLP( 0) Backpropagat weights

a
surfboard” Imagen

o Iy 1)

il
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https://jumpat.github.io/SAGA/
https://dreamstudio.ai/generate

L35 :NeRFDRE

A\

Implicit A RIBODENIZWHEDR) 2 —LLUF) T (&

g

LARL—RDREI WA

LA AR EL

= TYST4T D
: (= Ays a1+
J JL—7
EStIL#ixT 2T ILEL
JL—7

il
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L >4 5 :Gaussian Splatting

GaussianSplatting TIZNeRFD & EHN fiEEEH Y ATt
HORABILDEENERTELIN. TNETNDOERE~NDEZEZLZM
IAITFTETES

—IRYa1a—LLIF )T ESR354 X TRE AT RE

LT DORELGTREILERER

NeRF
LA Eict >y Uy T a%x2ED
BEIhZERS

GaussianSplatting
LA LICHESTZHIVADHT
BREDHHEIRABE
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L >3 :Gaussian Splatting® Limitation

(1) BTz
BHIRDHD
BfrfEER T

hiEBATRIIIZREF T 57=0.
=70y

—>mmBLTHEZESZ40. ERMEICARICEET S
KOG EE N E

X RITE-C

OLMAP-free 3DGS

RuEmE
[AD AR EDE

S ENERTESDMREFHFYRY L=

—SortDZ LMD, HABTO—EEMNFRIESNLLLY
%t % iff 28— StopThePop

il
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https://oasisyang.github.io/colmap-free-3dgs/
https://r4dl.github.io/StopThePop/

24k R 38 : Gaussian Splatting&NeRFDELY

X DERICHAIEFIC

NeRF

‘;'Et"j

> (2209 |||l |> (RGBo)
—UKRBIZIE.. F

e

MLP D weight hSiHhE
Ray|ZiA > CEEIAMLPD S T % 1T 1= wele

MLPZ AL =Implicit/Z R IH FREHE

Gaussian Splatting

el o <

g < >—>§ﬁn%>>
3D GaussianMD/\TAA

ie B HDRITI B BEE

BEzonf-LAIZBET HEfEIAY73D Gaussian® NE

SREILUFLE-HRZEE

3D GaussianZ FAL=Explicit/i 3R IF

il
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3DGSEHE /T D Ef[A]

‘ HERENM

o DHEE3IDCS~NDE
o AUD)AURIITHE

MNELVHDZDMNEL

NeRF to 3DGS

o ENHE IDGSHERLFEREX -LUF)TEREEENLTSOTAER
0 —LangSplat,
o —4DGS
0 —FMGS

ADDYA IR E
o £ :3DGSHOBTENEIEmERIL

Bl: RFL—VEHBTILVAVXLDEEIL LoFY T EfiDO&EE ...

KUK (ENeRFO B H BTN S
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3DGS vs thD3DXRIFF %

3DGSTIE#M+ A ~#MB H D Gaussianz ALNTL—FRE
@ % GaussianlE$J250/\1( &

DIDRMFALLBELTHELET HIETAHLINRKEN
COFRBIIEMHRICADEELTD (FICTYDTINARGE)

e

U— % TEHRYEMMLEL !

Aya =¥ RoEIL NeRF 3DGS
0 © D A © ©
Lo R © © © A © O:BULVRVES
AE (RRL—) B A A A A
J(Rk ) WhE © O ACEWELEELLY
3D B A © © © © A PTRE

il
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https://3dgstutorial.github.io/3dv_part2.pdf

3DGS X ETILYHAXEMHEDRLF

> NJMLVEFIE
C3DGS(CVPR2024):3DGSD F/NTA—BaEFILET AV Fa—=U T IZKYEHEL.
15PN SRALEADJER FES

> T)IL—=24
Compact-3DGS(CVPR2024):GaussianDATEEFEAEIZE DT RF VT ZTLWREL
Gaussian ZTHYRLS, SBIZZa—FILIT4—ILRIZEBBINTAZDRIE . RIMLEF
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https://arxiv.org/pdf/2305.02463

3 D ZC Fﬁﬁ =I1R) nfﬂzl\ 0) J'L:‘

1:NeRF

DRIt ERIA

NeRFZEEZR VIR (BEBIEL-FERICEITARDFEHLEEEZH

HLE=EM) IZE#

—> 3D CNNf&& 0) HRE,:VL&SD U.UFEﬁnL. nﬁkizf’\]\j]_l &ﬁZZ_I'—t':

il

cvpaper.challenge
50



BDZEMRFADILA: RO RFHDFI R

REHRDRYI L REENeRFER DRI ILRED L

RIEOXR
AHEAXORIEILRIR N OETAOF,S
NeRFHEDRItILERIR THEEAERWERORATLEEFED)

— MEORNEIERILEIZMARZBEH IR THERM

.

il

cvpaper.challenge



3DGSIZHITHEEMES

3DGS BEH T XY Top3 ouor11Em)

S B4 https://github.com/MrNeRF /awesome—-3D—gaussian—splatting

1 Zhangyang Wang 9

Yebin Liu
Zhiwen Fan
Dejia Xu

Jiemin Fang
Lingxi Xie
Xiaopeng Zhang
Andreas Geiger

Chen Yang

il

cvpaper.challenge
52


https://github.com/MrNeRF/awesome-3D-gaussian-splatting

3DGSIZHITHFTEHEE

e Zhangyang Wang (VITA, UT Austin)

o 3DGSTIMX MRS THNEB TIKRRNELHF
o KFMX

m 3DBE#ER: InstantSplat, NeurallLift—360

m NVS: GNT, SinNeRF
o VITADH®

m HELFENFITERLTULND ? LUTFWeBLYEIE

code/math”). Every student works directly and closely with Dr. Wang. The group also benefits a lot from its
highly interactive, intimate, and helpful culture.

ECCV2024(=+3DGST3A LR

European Conference on Computer Vision (ECCV), 2024. [Paper] [Code] | |

"FSGS: Real-Time Few-shot View Synthesis using Gaussian Splatting”
¢ S. Zhou, Z. Fan* D. Xu* H. Chang, P. Chari, T. Bharadwaj, S. You, Z. Wang, and A. Kadambi

"DreamScene360: Unconstrained Text-to-3D Scene Generation with Panoramic Gaussian Splatting”

European Conference on Computer Vision (ECCV), 2024. [Paper] [Code]

e R.Li, Z. Fan* B. Wang, P. Wang* Z. Wang, and X. Wu
"VersatileGaussian: Real-time Neural Rendering for Versatile Tasks using Gaussian Splatting”
European Conference on Computer Vision (ECCV), 2024. [Paper] [Code]
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