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Abstract: Cross-modal 3D generation aims to automate the synthesis of high-fidelity 3D geometry and texture from 1D or
2D modalities such as text and images to bridge the semantic gap between the virtual and physical worlds. In recent years,

cross-modal 3D generation has become a pivotal technology in the fields of multimedia analysis, natural language process-
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ing, computer vision, and computer graphics, especially in emerging industries such as virtual reality, augmented reality,
the metaverse, digital twin manufacturing, and autonomous robotics, where the requirement of high-quality grows rapidly.
Recently, the advancement of deep learning and pretrained multimodal large models has significantly promoted the perfor-
mance of 3D content generation and its applications. In particular, the emergence of advanced techniques, including
implicit neural representations, 2D-to-3D knowledge distillation, and large-scale feed-forward reconstruction frameworks,
has led to a qualitative leap in generation efficiency and visual realism. However, a comprehensive review connecting data
representations, semantic alignment mechanisms, and model architectures is required to clarify the complex technical
routes in this rapidly evolving field. Thus, this paper develops a systematic, timely review to explore the principles, meth-
ods, and recent advances of cross-modal 3D generation. First, this paper presents a systematic analysis of 3D data repre-
sentations, categorized into explicit, implicit, and hybrid classes. Specifically, explicit representations offer compatibility
with graphics engines and efficient geometry processing, whereas implicit representations enable continuous topology han-
dling and photorealistic view synthesis. Second, this paper dissects the core mechanisms of semantic alignment and model
architectures, and introduces typical datasets for these tasks. This paper classifies the alignment strategies into contrastive
and generative approaches, while the architectures cover adversarial, variational, diffusion-based, and autoregressive mod-
els. From the perspective of generation tasks, the existing methods can be divided into three major categories: text-to-3D
generation, image-to-3D generation, and 3D scene generation. Specifically, text-to-3D generation has evolved from
optimization-based methods to feed-forward native 3D generation, focusing on resolving multiview inconsistency and
enhancing geometry-texture decoupling. Image-to-3D generation has transitioned from single-view reconstruction using 2D
priors to multiview consistent generation and direct regression models that infer 3D structures in seconds. 3D scene genera-
tion extends these capabilities to complex spatial layouts, utilizing video priors and procedural generation to handle large-
scale environments. In addition, this paper summarizes mainstream datasets and analyzes how the shift from large-scale
synthetic repositories to real-world scanned collection affects model generalization. Finally, this review highlights the
remaining challenges in the community, including semantic ambiguity, physical inconsistency, and high computational
cost, and conducts forecasting analysis. This paper further recommends prospects and states that cross-modal 3D genera-
tion is accelerating toward the era of “world models”, characterized by 4D spatiotemporal understanding, physical extract-
ability, unified multimodal architectures, and 3D-native foundation models. This paper presents a systematic survey of the
cross-modal 3D generation field, covering multiple aspects ranging from data representation to model architectures. This
paper aims to provide a knowledge framework for future research and to promote the application and development of cross-
modal 3D content generation in tasks related to world understanding and creation. The datasets, algorithms, and evaluation
metrics mentioned are linked at the following : https://github.com/L-Matilda/Cross-modal-3D-Generation.

Key words: cross-modal 3D generation; text-to-3D generation; image-to-3D generation; 3D scene generation; semantic
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Il , Instant-NGP (instant neural graphics primitives)
(Miiller 45 , 2022 ) 3R FH 22 73 B AR 0 75 24 15 , K 1K
TRHIEA S 28T B, SIS S S T G
Kilo-NeRF (Reiser 55 , 2021 )38 12 431 5K W1 375 5 4l
I3 RECTAS/ NS MLP JRATHERL, SE8L T A 90
LS E Y, TESAE S KA SA By,
D-NeRF (Pumarola %, 2021) 5| A i 5] 45 i 41l $2 47 ¢
BEIN B S R S T Sh 83 S e — 2k
NeRF-Flow (Du %% , 2021) #1 TiNeuVox (Fang % ,
2022) 25T A A T B T 8003 2 AR AR AR B
%412 3l 5 Y ; Block-NeRF (Tancik 55 ,2022) ¥ 5 17
GOIRBERN 3 b ST PRI, IF 2456 A i A 54
PLZEZS AL, SEBUR AR 7 5t ] 4 Ji AR 5 S i
G4 H B S 5 5 U PR BRI . A AR B
)7 |, GRAF (generative radiance field) (Schwarz
4, 2020) 1 UK AR BN BT R 4% (generative adver-

2149



2150

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 6,Jun. 2026

sarial network, GAN) 5 NeRF 454, SE M M C LS K
1827 2 20 G = HEI IR 5 Sb L 0 Aii 5 EditNeRF (Liu
45,2021 ) 38 i B P AL [ 2% 52 BUE AR 5 Sh LT 73 fige
AL, ] P e IE A AR R RS R e A
A Xf =4S AT A B A S S A

ST 3, P 224 S 37 2o ¥ = 4 JLAT 50 B
5 R B A 2 T 1 O A RS e 2R ik
Z AR EIE, SEBLT MR A0 1 3 R B s
(IRE ST o HATY R A48y 5w IO TE YL 405 Hl 4 g
T3 KR 255 KA 538 0 v, NeRF X
e =i d b RIS, SRS 3D A iR
BTG — 1 U SO IR IS5, o S I SIS L
K RS = N 5 10 B A

3)3D & #1ik I (3D Gaussian splatting, 3DGS) F&
— o e A B X = 4R 37 B RS 5 SR e EOR |
b A A [ A SO L RSN . A0 AR
R RO T AL BT 22 AEBEA
PIREREPSNIUREE Uy i E2 LN =€ N IR NIR 6 ¥ e
5 2 T4 BT T IR EEDUY 1Y Alpha R4, 55
W PREAHTLA A . AL NeRF, 3DGS 2 3% 2
Th T vE Qe Jf il U Iy 22 B & AR S B 0 S
JRi s JUART , [m] B 45 45 sk ok BCER AL ASURH G S 5 L 7
T Y o 5 ot 22 () US4

SRIMT, 3DGS (14 14 E o 2 AR 100 4 i 2 B &t
RPN DAL Ak N IR T RVl I 8% 5 o
PRAWFE B TLAa] N 5 2 ] sk JHL b A7 4 o s 30 5 o
LAWK RS S S R Y RANAAE PR .
PEFF R G 1E M, WF9E E Btk 2R i AR
30 5 LA B &AL 4K 5 18T, Scaffold-GS (Lu %8
2024 )i 33 5 | A i W AS 2544 (anchor grid) X @& #rZ
Ot 25 K AL 29, TR PRI TUARDAS B2 1 (] I 18 25 e
TR 5 5 2T 1) it B A S B UR 4 7 vl i 25
B T B 1 RAE A8 D T BB EAE A, I 42
T4 T VE e dn T RN T T o E R B A A R ]
B, FSGS (few-shot 3D Gaussian splatting) (Zhu 5% ,
2025 ) 3 3ot T TE AL TLART - 20 0, DRI 7 i
Y SfM (structure from motion) 25 == & 20 97 & IF-
v Wi o A, 2 B0 i 56 HE B 3 5t EE A Sparse2DGS
(Wu % ,2025a) 45 & 2 M K ST AK (multi-view stereo,
MVS) it i) 25 H LT SG50 , diaed JLAeT I 5 1 e 8 B
BBLT  TER A A SR T PSR A H— 20 B
jEEn

ST 3D e 3 T DA Ll 3R (AT
TR AL B 0 o0 5 I T G AR, Ay e 8 = 4 37 s A
SRR R R TR R SRR . TERS RS 3D AR A
155, 3DGS AMIBE S AE LR AR LT 4019 S5 L IR 52
P 1 [ ) S8 25 4 T G 2038, 3 ATl ol 4% 2 gt Uy
N R B A R A s SN AT RS R B [, B
Ry A = A T A A R Y A A, AR
AEH S Y 3D AR U ZESE T BOR K
113 REFR

1) = P — A s LS5 ik = i = R
T, Hot O A T8 = 4EBa X315 B 0 i 21 3 A%
XF 55 B IE A T (XY XZ.YZ) b AT TAR
AT 2 20 1 AR AR T, R 2 = A a3 ek R
A7 B A 30 - TR AR, T4 3P T RHIE R 5 5
N 22 )2 AR A5, LSS0 e (0 23 62, % B
R M. %7k i R EG3D (efficient geometry
aware 3D) 4 BGHHT M 4% (Chan 45, 2022) 5| A =44
B, SEBL T = AR e e,
FH AT TH A =GR RGO R om 46 0 34
ZYEVm  AE N I EE N O(NV) B2 O(N?)  TELR
R e R LY G4 o A0 [R) I 2 2B 5 T 1T 25 HE B AK
R AT 7E Sk 28 R AL R AIE e 9 5 B =X i 8 e Bl
P[] S B0 R T4

BEXS LAl =P I HESRAE A AT 55 37 5 R R PR
PE PSS T 2R 597D 1 . BT, Sem-
City (Lee 45 , 2024a) K = V- 11 3275 5 97 HiORE HRUAH 45
B, T[] EL S P AP IR BT Y = AT S A AT 55
TR =P TR AEAE AR 0 AT 8 1R R0 )
WHE Sy, ARG MR T P S0 SRR A B 5 )™
A TR, S T 0 5 2R T PR i SUIE AL BT S
SERIAN 4 . InstantMesh (Xu 45,2024 ) 78 = - [ FE 28
Hh B AT ol 70 S5 (L T i JRORSE B, ol S 1Y RE A% 1 1%
=P TR A A S o A, DT AR A AR R
P . EXAILACBIT AL SR VETE AR SR T L
IR 5 1k 2 55 LA 20, ke B, 1 1A SRV G i v Y
FEIHFE, [ 8 2 5 T T S B 5 L — Bk

AN A LR R T =P 1 5 3DGS fY Rl
A JuMlLi, 2025) o G fE =1 ESIA 2 2]
{37 B 2 A ASE R L0 i vy 307 A B SR RE T L %26
TERE— DA R T = AR S e e 5 s et
B R T ) R 1 HAE e —h [a) R AEAE 3D
A A 55 TR AL 1 T AT 1
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RERE, RBE, B/Nil, BEZE, =5, R, @FH
BEAIDER: FE., FESANAHE

ST R RS 3D A i B AL T A R A S %
SEPEFR A RIMELE , C 2B U JE He X
5 R = A A B ) R ] R A, D RS R A
TR E 3D N AR INBEE TR

2)DMTet(deep marching tetrahedra ) & — Ff il &
20 B EURAE AR G = 4l LT AR 4, A0
JECRELIR o = 2 () g i Ay T A8 T 10 I T P s 4
A8, AR AT b SCTRR B 2 RS (B B HOBR BE A L o
3 3 b 25 P9 45 BG4 £ AL SDF 4 5 TS 8%, DM Tet
REWS7E I 2 e vb Sh 25 VR B WA AR, A Bl mT ik
O3 BT Bk DO TR Sk R g P O AU T, S B 1L
iy R m A . 120 AR B U Ralom i
a7 T, B R BUEASRE ) SR VF M 28 TR e 245
] ek R 2R IR MR s 55— T i, s s R A 4
YRCHIL ) SR B 0 i 3R T ) J AT 5 B R %
INTITAT R4 T 45 R 1) F- 1 B2 5 A MR

TEMELAL b, W50 BE— 4R T 2 MR T
DMTet Y #8275 3 DL T+ A2 i i 5 18 1k .
U, Magic3D(Lin %5, 2023 ) 2R “ A2 407 (4 B B B
TR K B NeRF S 5645 DMTet (A, I-45 45
YO 5 0 BRI R AR S B SOAR A il o Jot it =
#EN%ZE . FlexiCubes(Shen 55,2023 ) fE 4 H TS 51k
g AL 5 o {9 SRl e R 8 R R LA A I 5
325 07 8 R, AT UL ] PR B 5 R

DMTet AL AT i 73 (4 R A A iEHL R -5 B X3 14
HELEFIRAE T AEES RS 3D A b S T LT E
HiE SRR RAGES . Bl RS r g
T2 ABERTE T =i 5 A R LT PR U,
RSCARF) =2 KRB = YE A5 2 RS U 55 f it
T RRE HoTE R U S A
L2 ZEEEXITFHH

TERS RS 3D A AT 55 Hp, SOAS (IR S =4k L
R A B A F TV SOREEE 5 3RAE 23 8] A7 78
FRSr. A TIBMNGEE S B =4k WY
Gt — PR -5 A2 O AE T — A SR i S
23 ), AN [ 5 8 A5 I B 0% A G o e AR )
PR S iy SC—EE, A 2 B .

1201 PR R 57

Z B U SR B A (4 CLIP (contrastive
language-image pretraining ) (Radford 4§ ,2021) . BLIP-
2 (bootstrapping language-image pre-training) (Li 55 ,
2023b) , EVA-CLIP (exploring the limits of vision-

A/ K CLIP/ViT/DINOx
s )
TE 5%
3D R 3D CNN/PointNet
AR
& SUN5%
GAN/L AR 3D .
SCA/IEIG: DM/VAE s 3D FoR

K2 RS SO S P AEA
Fig. 2 Overview of the multimodal semantic

alignment mechanism

language model (CLIP-based) ) (Sun %% , 2023b) .
ALIGN (a large-scale image and noisy-text embedding)
(Jia %% ,2021) . Florence-2 (Xiao 55 ,2024) ) it i KK
P SO 7 ) B G — 1 BE AT A5 ), O = 4
A AR TR Honl 2 AR TE CRAE . AR X U
A B I ELAE AL P = AR5, {HAE Text-to-3D
Image-to-3D 1155 1, 3D A 5 ik 2 1 U Hh 1) Z2 10
i IR S A G SRR | 5 SOR B SRR EEA T X
T e — A MR AL AE 2R, T SR 5] 5 =
HEIAR AT S WA Btk o T35 o ) FH 20 R 2 A A
oy 38 0 SCWRE Il i, = 4k A R R e % A B 4l
2D/ SCARFIR I AT 45 T SC— B H S5 1) =4
oA I, MR R R = 54k B A

LAY AL T H R R FREAZALRE 1 5
B, BaRd 7RG HL & S AYBCN 3D bR
BdIs B AR AST , B ) A IR O RS R 4 v 2 ] 3
B = 1 SLSE . Flan , CLIP ARG e in] i iY 3L
FFRE 1, (A5 A U B RE A MR 1 T2 1Y L R it
(R SCAA IR o SR, HoAZ L Jmy FRIR T H e A 5T
PN AAEAY 2 2] {3 s () ST AE — A R I
e B = X6 = A ) i S A B R Y N A R
X 5 B A T B A S B A e B R G 7 AR T A
“Janus RN TUARTASORY) 85 45 (] 245 # AN 5 BHLAE: 0]
Al B ARMXAE T VC e — 4 ve g B i S, ik
A A I =R 50AA
1.2.2 BR—3Dil X5

KR —3D FRAE ML 15 7R S el s 5 = 4k
JUART B8 SCRERE , 52 IR R S R AR ) 5 0 HAZ L 2
FESE s [ rh g — FoR R RSN IL B0 DB
BRBEAR B L =X Gy LT S 4RFh , 00 58 AR BL Y
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UG5 25 ALY = 4B S e i s rp—2, i
AR, W 9R 8 AE R IR BE AR A 5 2540 OC R R AT B
AT 55 S T RS AN Parts2Words 8 53 5
PF—RE WL PE RSB T 05 25 5 SO 2 R (R A0k
KHK (Tang 57 ,2023a) o F U AR B LS —18 5 Tl
Y245 A (4 CLIP ., DINOv2 (self-distillation with no
labels v2) (Oquab %5 ,2023) \BLIP-2 \EVA-CLIP) £
301 SCRRE , IF 5 = 4k 26 5 % (PointNet , Voxel-
Net.3D CNN .Point Transformer(Zhao %,2021) \Spar-
seConvNet(Graham %5 ,2018) ) $i& B JLAR R AE %) 55,
I B AS s A B R i A R — WA ], BF
9% FE AP 6 He QR AE X 55 A Bl X B as i) X
FH .

XF b 3K AE X 55 R R B R A 6 b A (A
InfoNCE 1§, NT-Xent Loss ) £ B X REAS A0 Ak i SRR
2, AR RARVC BCAREAS A AR LR SR/ MbE AR T FCRE A
FRIFF DG, I T A 4 oy — B A e — LAl 3 S 4
Ao HOCEHARTE T Qfar i A 250 IE AR AT LA
R AR M 4% DL iR 4k MRS = 4R R AR B
PRas ) FE D% B A 2 5. CLIP-Forge £ 1h
FIHT CLIP $& ISCA/EIG m A, F 38 4o Al 0 3 A A
WSS 3] 3D ¥ A5 ], Dhde KAGIEREARFHRLURE e/ Mk
FREAS A S S BT X 5% (Sanghi 55 ,2022) , H5
2% CLIP-Sculptor (Sanghi 45 , 2023 ) 7£ £ 43 #F R 4= i,
PR —18 X —2k . 1SS(Liu %, 2023f) Jr ik
Hh3E 2o SCAR— G SR AR A T DL EMR SAE
B 3D, S HFFRFE AR SC—3D A B ; CISP/IC3D 2 i 5
FH Image-Shape X LY 2548 BBk A L PRI 25
EURAAF 0 3D P HURE R, S0 A0 5] o A 5 e P b
4= (Sbrolli 45 ,2023) . PointE #2 t 2% FH 4 B B it /K
2k, R E G MG A 5 SCA 5%, P i LG Sk
P8 A A = (Nichol %5, 2022b) ; OpenShape (Liu
45 ,2023a) £ 1130 1 KA =B X 2% ), 4 3D
XA 55 2 CLIP BUE—SCARZS (], S SCA sl &5
BEEEEMAL 3D FAE . PointCLIP i@ S = 15 hy
ZOMAGE RIS A CLIP 5 —i8 5 56, 52
T E ol X RR S SO A 8]0 A 80 55
(Zhang %5 ,2022) . CLIP2Scene (Chen % , 2023b)
HUBE CLIP BGERE i 28 3D 3 5 36, I Til X
Oy E) 5 RS T, CLIP-FO3D 2 1 25 ol )5 v
(Zhang & 2023a) ; fH AT A (large reconstruction
model) (Hong %5 ,2024 ) #& i 13 &l 1&—3D X He X 1

IR B8 —3D Transformer, i1 B3 =X 3D %R
AT

Xf He 20 55 5 1 IS4 TE T HAE R 7 3 I &
XS RRE , HREM S — > B i B SO ) i A s 2
oA, XA HAREE S TER SRR FHA
RAELS . BN, OpenShape & 7R 1Y 5% K LA
3Dr2ERES) . SR, HRBRMEw R Ek,
P E g JBE MO R MU vy Jo i 1) TR —3 D JiE X £k
I, Bt B Y i 22 RN P 2 B HERE WA XS S B,
UK, 42 J Xof LU A5 2R f ) 27 20 REAS GO0 1) 1 SCARARA
P LU S AR R R RHIE SRS A0 G AR
S BT T R B LA AT 55 AT DR B A
o B 0TI R — T RE SR TR
AL A IR B 3D TR AR Dy T RE A BR .

Az BB 2s T et Bl 5 ] A AR X g A
FEZE 58 3 9 OB A | GAN B4R 3 FH 4 5 45 (varia-
tional autoencoders, VAE) ZEHLHI , ¥ Bl G ik AME R
AR 51T = AEIRAR I AR N S R  AITTE
Az BT B BB I SO 5 . X R IT IR IR O L
TETREAS 2 2 MR ) = HE 2540 1 14 25 AR P
555, 38 3 A G R Y 2220 MR O BTN ZR , B
Gty 1 I SR XT MO R o ImageDream (Wang
1 Shi, 2023 ) ) F 22 0L £ 47 i 0 265 DA-BA i 145 A4
AR — B Z A EE G g 2R JF it — 20 g SDS
& NeRF 55 [ 3D IR 5 Zero-1-to-3 42 Hi B T4 1k
BRI (1) S 22 IR I A G, 38 3 22 000 A TR G s i 2
8] A= B B ot = ZERE A (Liu 55, 2023¢) ; Zero123++
42 HH 2681 J7 125 (Shi %7, 2023) . Human-SGD $2 i
BEXT AR A I 8 AR LA 5 5 R S
AT WO B2 A0 A i 22 A R P45, e et 396 ) i
DEARAT 70 B 3D [ 4% (AlBahar 25 ,2023) ; CAT3D
(category-level text-to-3D generation) (Gao 5% , 2024a)
P AR SR AR D UG AR A — B BT LA
FF2: NeRF 4 3D 37 5t 5 Ace3D (Liu 5%, 2025) 2 1
TEY B 1S SDS LA h 5 I Al 2% — Bt 20 01 5 %0
ProE S SRR AR D KN A R Bt 3D B4 5 Lyra
(Bahmani %5 , 2025 ) 4 Hi F] AR HIC: 25 [6) 1) 3D
F R H 7R X 3D g B SR 2
At H U —30) 4 B ; GET3D (generative explicit tex-
tured 3D meshes) (Gao %5,2022) 32 H i 13 GAN M 2D
PRI & B A i DR LSRR 3D A%

A IO 5 07k A D FATE T s R 0 a4 A
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RERE, RBE, B/Nil, BEZE, =5, R, @FH
BEAIDER: FE., FESANAHE

AT RE 7 R e O L W g o o RO A
GAN,IZJ7 L BE 8 2 ] NI ) 52 2% 3D R 1Y %
ZL AR FE A i B b BRI R S T =4 L
fap S50, PG RE ™ AR 401 1w s LR 25 5R . ]
i, Zero-1-to-3 &7~ T M\ BRI A= B I LAA] — S50 #L &]
(SR KA T o R B 32 ZEAR BLAE W 7 1fT - — 2 V]
YR 2% 8 vy T 2 R BN R ARE U
JE GAN) ; R TRAR RRE I i, 2R ik AR A AT i R
PEFI AP 45 22 , P X LOKS W 1 19 2 it SR 0 Ry
SEJBTE. A, HET SDS I I AFTE LA R 1S |
G 1 A8 25 AT TR R
1.2.3 SCA—3Dif SO 57

SCAR—3D SO FF A% O HARTE T8 48 57
T RS =GRS5 R Z A i T SO S AR
i L —BE SRR I . X — R B R A ARTE
& EE S S 4R L S EAS b
Loz (8] 0C R AL 218 s () hAg B g — R Ak, BT
I, A BRI RRE NS - 2 RS — 2Rt
F a3 SOxE 5%, 3l i InfoNCE B DL A 35 B8 A5 481 %
T C R B b e ARV E SCA — = 4EREAS (1 A AL
J£, [R)F fe/MEAS TR BEREAS AR DG , DA TTTAS 2 42 )Ry
— BRI SO 5 75— T SO 5% AT
BIORBAY AR 73 [ S bt a5 , B SCA R ANE R 25 A
15 =T ARAE B, AR A 1 B B B =X e i
SURFF

TEZ A SO FEITFE b, %) oy 2T BLA L
N F G, HAZ O AR R A I S 1 S () o i
FEARLEE fre KA 5 22 5t JEE e/ M S SIS SRR ATE — X
P o HOC B AR I 7 An ol ) 2 S AT R0 =S
(SCAR—EG—3D) X He 2 I HESR, DA K Anfar 4k 21 A
SRIEH AL A1 Lo CLIPY(Zeng 55,2023 ) 570 4
3 i R SR — R — i e U A [A], R T
SCG 5 S Gt U X 2o AL G R T A
A SO S o B B B i ) A ULIP (unified
language-image-point cloud pretraining ) AU 42 H {5 Bl
CLIP (&3 Se 5, i e A B 30—l = e B
=5 MR —SCA =3 (] i — B (Xue 55,2023) s S
ZE ULIP-2 5 N AR TESCAS , 5] ARLSE T 5 B Y A
JI A Jmy AR, DT S B i 3 iy = A S B £ (Xue
4%,2023) . JM3D (joint multimodal 3D representation
learning) (Wang 5 , 2023a) HEZR 2 t 38 3 25 /4 fL 2
BSHA R SHE X FRR, 2R AR =

BG5S SR Z (AR g e — i LS [R], i 3 a1 =
PTG RE )1 o Textd4Point (Huang 55 , 2024 ) 2 H )
RGB-D E5 g i i 57 s I I 5C &% , FJ T CLIP 42
SR RS A R I T 3 SCAR A R R | 2 iR 3R
>, S BR K S SCL S . SceneForge (Sbrolli F11 Mat-
teucci, 2025) $2& R U445 1 TR 5w, 76 G il
YRI5 5 SO AR 0 (5] B 247 LA HE 51— Sk
T 78 K04 A A T 32 T A2 A 1 X — Btk .
OpenShape (Liu % ,2023a) 42 H} & & £24~ 3D 54 48
5 SORGR A =R T2 I HESR (i = 4R
B R A Z CLIP 115 U], SCRP B FEAR 3D 432K
5HEAE S5 o GPT4Point £ iR Wi B Be iy SO0 5%
55 UHE SR - 55 1 By BOE 2o 25— 3O L6 Caption A2
JSE B SCAR A S 5 575 2 B BRI & 4 5 R AIE i
A KREVE F ALY PointE A= BUA% , SCSCAR M4
(1 = 2k 2E HE R (Qi 57, 2024) . CLIP2Point 42 H £
X R P ) P A —1B & T 5005 5%, il 2ok g TR
PEIRRIE XS 55 28 CLIP BUSEHR A, 1G5 5 2 1 SO
ZER A 43 HEPE (Huang 45 ,2023) .

SCA—3D X b 200 55 19 A0 HAE T RE A5 AT R,
P B RN TR S AT 5 L0 L] 235 [ 3R A7 OCHR ,
3D BERUI T F 6 A9 T8 AR B o XA R AR Z T1
FTUASCA N AR 1 3D K 38 FEA ) S 45 AT 55,
R J& 1 3D BRI ar FPE . AR, R BRIETE T
X FERLEE RO MR . FARTE F A R S AL AR
SCCIS —Ai P T KR AR L) Fas (8] 56 2
(Q“TESE NI ) 4% LA 26 Yk LUK B 4 42 F1
FRATT X B AT A AR B R LA, S 30 Y 3D
FE AR AT RE AL B BB A R 1 5 SOAS i R A A
T 22 o

FRAE TR L0512, A o SOR 5% 58 0 7 2
BRI 23 8] vh 452 2] A SCAR B =4 37R 1y A 1
Wit o HAFSY E RUE TR RS 7840 IR SCAC TR L
FEEE45 R = 4 TUA S 800 A B4R A, QN2 T Trans-
former A4 BB AY B F [0 9 RS . Text2Shape (Chen
4, 2019) F H B ks Hs [ ORTE S A R 2
YR 3Bk CNN-GRU $2BOCARTE L4545 3D-
CNN BRI Z AR, Bt 11 R — B8k (TSTY
STS) LA 38 18 SCXF 55 3 AutoSDF 42 H 5| A P-VQ-VAE
H T-SDF & # Ak S B J2 Ik 1 B 23R T (token ) |, JF 18
i Transformer 5 e F43 A7 il & S B SCAR—TE AR W 45
()%} 5, 72 Jmy #R L] 5 3 L2 o T . 3 0 7 301
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Rk % 757 3£ (Mittal % , 2022) ; ShapeCrafier (Fu % ,
2022) 2 H 338 A SCAR S 02 ARG 388 et o 1 R A 3
Oy 20 Z W ST AR A L, ARV S [
HC#E 45 J5 [|] , SDFusion (Cheng %5 , 2023 ) $2 i #1]
BERT 55 3D VQ-VAE %5 & 28 X ¥ & 77 52 Mg SRl
4 5 Diffusion-SDF (Chou %% , 2023 ) #& ¢ TSDF #7453
R He 38 53 UinU-Net §#0U2E B, 2 25 $2 T+ LT 40
T ;3DQD(Li 45 ,2023d) 42 H R HH 9L VQ-VAE 57
45— B WO A 3 1 38 X R T TR SCAR T S, 52
I = R = 4E A 15 A3D (Ignatyev 55, 2025) £
HH A L S A s ] v S 2 A a4 3o T 1 S —
4 1 ; HyperSDFusion (Leng 45, 2024 ) £ Hi 1) FH 48
BRI 2 [ 2E 47 2 G SO LR A T SC-JLAT X 5
Zero3D (Han 45,2023 ) #i& Hi 3 o CLIP T3l 25455 184 51
PSCA MRS =R BIE L g — , SR 20t
Ji 5 Sketch-and-Text Diffusion (Wu %5, 2023b) #& H 1@
B FE S SOR P SO AR R A s, S
JEAR 5 S B [F] 3 L2 3R ; Geometry Image Diffu-
sion (Elizarov 45,2024 ) #2 H i i< JUf] G A =G R A
SR, SRR SRS = A A, AR BF
G BIGE = i AT 55 P TR IR R B X e
Xt G 285 Ry Y, o A AR AR B ZE A S R
J5 2 B B B A 2 R A 5 TR AT T Ak S et
(ZRfi 55,2024 ; X426 45 ,2023)

A i SO SF TR AR 3T T RE S i 1 it
2 ) A G35 T B0 EAR U] 4 A i B, A S BR
Xof A2 1 SRR 240 11 4 o R R v A R T e
P HCRE R R [ [ U5 R R i 0 AR 2 RS A S F
A HEAL BAF A8 5 R AR . Pk &
BAE TR SR . Ik I S R T
1 S et Y SCAR—3D B X B 1 I 2 B A SR
B[R BAIER B 2 S0, I SR B A
ARG B o BEA, AT o O A a2t SR A AT SC AR o
R — R L HIER 2RI R ) AT AR 78 4 it
R PR XA

SRR 2R TR AR S T = 2 i
N S AR X 55 1] o o v s () A g i i, SE B T
PSR G —RAE 8 LU 5517 AR AR A
XA T T A T o SG%E ST MR 2
faka e, o PRI A = e B AR TEREA A L R
ZAT 55 = e HEBR AL T IR STAGTE IERE . AR
S IHE (RS R R R Ak B R S LB S S

A& H S, LA R 3 B L g R A T s e 1 ) 5
B
1.3 B#EIDERREELEH

AR, A BN T RE M PG & I HEsh T —
Y AT 1) 3 S . WL 3 T, 3D A il
FH I Az ol A A R BUORT 23 o 4 25 2 AR U T I 4%
(GAN) A 41 H 4 i 2% (VAE) 35U A (diffusion
models) 5 H [ JHE 7 (autoregressive models) . ‘B Al]
A3 BB FEZE 3R A Dy M A 5 7 1) A S
AFEFE KO8 =4 A A R T Z R B
IR S S AR
1.3.1 AR M4 (GAN)

GAN (Goodfellow %5 ,2014) [ [a] tH L3k | FE 45
P MR A A5 S LR R B S R T T e
GAN % 0 AR R T —Fhxd pr bk g f2 . ke
BB — A g A — AR < A A B AL
PRI, B TR A B TSR 43 A X DL X 43 1Y
B BB 5 0 0] 25 D00 35 7 T o 1 0 s AR AR TR
BB oy A i e A R . RV R,
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PR IRAE XS 23 [B] 25 4 A E SR rRs A 2 B8 ), K
AP AR SR I RE 8 AR IUR AR A0 1 5 42 R — 2k, OF
e P s B 5 PR S R SO SRS B . XK
TEE TR S S A 37 540 Jm) &
BE 22 AR S 2R = 4 T 55, SR 2R A
A5 Z RBEfiRhd
1.4 ER3IDHIEE
ol Jo e = R BRI AR R B RS 3D AR UK R A%
BRI o A2 FR TR AR A g R TR 2 2 g X
S R SRR AT, L S0 = 2 A R S0 T e RN Al 2
ORIV 285 B — 1) PRI 85, 7™ o o) 249 A U Y )l 4 5
ZAk . ATAER, B AR AL AR ) TR A
PR, = ARG R 5 A8 NN TR i
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(google scanned objects, GSO) (Downs 55 ,2022) ) Ji
2 JF i 54 BEE D (A0 OmniObject3D (Wu %5,
2023a) ), ¢ FHES) T A IE AN DAL B S ) i

AR BRAE o B X AR RO G Y A TR R 25 5
F BRI o AT RN G R e, k1
Jfi7s o

141 XS5 E

X RGOS T ER AT AW R LT E5 1 5
S BB S W PR A R Y B Ll . ShapeNet
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Table 1 Overview of mainstream 3D datasets

A BB AR RATEEAy HE AR B 5 FEFIR
ShapeNet' 2015 ~5.1 Jy R A [ A%
Objaverse (-XL)*  2022/(2023) ~1 000 Jj +H# 8 R PR A%
POEE MVImgNet® 2023 120 JiB#4/650 J7 B ILE G ZMIEEG
GSO* 2022 1 030+#5i %1 FLLAH [ A%
OmniObject3D’ 2023 6 000-+1E 77 2+ A =V
3D-FRONT® 2021 ~6 800 75+ AR A R /4%
ScanNet (++)' 2017/(2024) 1 500+/460 % 5 FLEA A P14/ o 7 R A%
Y5 Matterport3D® 2017 90 #47/10 800 45 IR S ZAE BRI 425
Waymo Open’ 2020 1 150+ B FLIRAR WOtHRRE S
DL3DV-10K" 2024 10 000+ 45 LA ZMEESG

E: 'hitps://shapenet.org; *https://objaverse.allenai.org; *https://gaplab.cuhk.edu.cn/projects/MVImgNet ;

*https://goo.gle/scanned-objects ; “https://omniobject3d.github.io; ®https://huggingface.co/datasets/huanngzh/3D-Front

"http://www.scan-net.org; *https://niessner.github.io/Matterport; *https://waymo.com/open; "’https://d13dv10k.github.io/DL3DV-10K,
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Fig. 5 The pipeline of DreamFusion (Poole et al. , 2022)

BORE DAY R 20060 — 300 2D e .

1) 4B B 55 R 20 B 28 e . e T A s
RN BRI, o B BESHLEDRE (0 A 0K
WEB AT Z A8 o AR T/E Magic3D (Lin %,
2023) 5t Xt DreamFusion P54k 18 F1 43 9 225 14 ] 35,
P T — P BEHESE 58 1 B BEME I B NeRF 5
B 0 R O 6 DR A R R L ART 5 265 2 i B
W1 R e 4Ry 1 0 R R (A OB A 5 i 4y
R s [P BB UEAT RS A0 Ak . DreamMesh
(Yang %7, 2025a) [AlFER FH TR 2DRS (9 i f , {0 LA
U F 2L T I 2 = A A, MDA o B3 £ 1 S
AT | G HE T B R AR T A% A A B B BB A
b W A% LA 5 ar #EG & . Fantasia3D (Chen 55
2023a) 51 A T HIRZI A iR IEAR . BRI S 40
Gy TFEEASE i 1 5 2 1 2 (40 DMTet) I 1 FH 42
W B LR AR T LT A 55 [RIR, B 3 T i
Y 1 AR Y (40 BRDF) 51 A Text-to-3D 4T 55 H1 L4
=) AN X A A A A B SR IR S
FrEHFT6. DreamCraft3D (Sun £, 2023a) N# it
1 AR — LA Sk JUART S 5 SO 8 i A4S IR
o TEAURE 3D ALY TE e BB NG B
7 DreamBooth (Ruiz %5 ,2023) , ffi H: H. 4537 5 3D
JECAIRE F7 , TR S XA 3D J8HI Y S 45 A% 40
SUHRARAL , SCEET R AL — B AT R A

2) Mk ZE IR SO B bR . DF9E s & R

f SDS B BE A7 7 1oL 3 (W SKU IR B, 5 B0 it R L it
WG B RS A I 4 28 BRI (Yu 5
2023a) SHIPAL T IC 25 AR 5 R E N, JF R BT
512553 (RD 25 3 05 Te 46005 B0 2218 5t

B VLHEAT AR08 3D Az i, 3o B TR 37 PR 2 i i U
Fe5e 8 SDS HARE . 4 1 Atk SDS b PRI O o ELAH
(pseudo-GTs) AN —F M T BUW “ - 48808, X [H] 43
BVCHL (interval score matching) (Liang 45,2024 ) 5k F
T 52 E ) DDIM (denoising diffusion implicit model )
PBCGE , IFAE B Y DX ] T B D 2 (] AT DRI,
PR/ B2 22 o O 1 AARAS - fif e Z2 RE 1 1) L
ProlificDreamer (Wang 45 , 2024 ) /N F-% 3D A5 71 244
R —A [ AL, TR A — A2, Il
B TR A S A WTAHE 2R R AT O A, R T T AR
W £ REE 5 i . A, ScaleDreamer (Ma 55
2025) WG RN HOS AL AE LB I 1] 20 (MRS 3L 22 1))
FIR) TN 158 22 BTG, DRI sk 2 Y S 200 3t 90 8 28 188 i Ak Y
PRI 2D o X7 2 JC s A8 B I 2R ) 2D B, A 5%
> TR LR, R TR E L

3) A — BT . TR SDS MO B
LA 2D Jesi it = 3D 2 (A AP, ST TP H A “Janus
ROV” o AR — B BT I R A DO ) BTG 5C
§. MVDream(Shi % ,2024) J23X —J5 ] () FF B T
PE o iR L i £ 3D B T Y th A 22 1R 1 R a4k
R HEAT YIS, RE S AR Hha i A AL 28 28 A i —
Lo R - WAEIER. 4
MVDream ] T 3D AL iy S 30 ), & S £ 1 38 R Y
23 (A1 2950, A K ML ZE i 1 Janus 25007, 38+ 1 AR 1
SER YRR = 23k

VAT, SDS Jr vk 19 Hh il B A2 3D AR A ik
AT A8 B R 2D B HEAT R ZE 18 6 I
o EAMMURZFRTT T 3ORIKS) =4 A iU 58 5T
i NS X — 20, WBE e T 2R 5T (U0 Magic3D .

2161



2162

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 6,Jun. 2026

Fantasia3D .MVDream 55 ) f) Bl i 5 R FLhl . SDS
N HCBGH AR R I AN Wi AL, e 5 T AR AL 1 =
i PN A A IO T 1) e o B R LS e — L
PRI W
2.3 ET3D REHEREMEE

Fifi % ShapeNet , Objaverse T NG Y ) G
ST, WFFE R T IR IR R 4T 3D J5U AR 25 () il 25
A BRI | DT H SR A 2D B HRORE TR 2% 1 A BR o
Xy AT E A 1 3D AR EE (W=
6 AR R BRI 2 4 S 37 55 ) AT o 3 o I 2 RE A% S
PR A i Bt A B, R PR B Rt =4I
RE RS, IO o E QG 2 . e
R T AR B U [R] , E2E0] 43 B T GAN 9
B 5 A 325

GAN fie L 7E 2D PR AL B i B H Y A A6
AE ), Bt LT T 3D 45k, LA B~ = 4R
G CRAEFRIUR 3R L 2025) o WA H10F 5 1 3D-GAN
(Wu%E,2016) 5 PointGAN (Achlioptas &5 2018) 4y
SITEAR R 5 = 25 [ 52 1 v 1) 122 31 3D TRk
(WS, B0 0E T GAN 7E 3D 28 [l g B () nl A7 . JR
ZE ) MeshGAN (Cheng %, 2019) 55 Tree-GAN (Shu
45,2019) i — B R B B A MR 52 R B 4
5 P 2 R A% A LIRS 40 0 J LA 401 . S5 0L lml e,
W58 & $2 T 3D-Aware GANs HEAL , Fi| FH AT faf yid %
BB 3D TR ) 2D KGR A5 (0], PR LT 2D H)
) g BEAT XA o AURME TAE A4S HoloGAN
(Nguyen-Phuoc 4§ , 2019) . BlockGAN (Nguyen-Phuoc
%4$,2020) 5 EG3D(Chan % ,2022) . M EG3D
TR A SRR R A AR AR
R e B[R] I RE R 1K B2 A A LT 5 SU G 2R, K
BEJS AR Z 3D A U TAE YR 254 o LRI ITER
DAL T iR %0 T 4E , Pl a7 s [ 4 (5 AR BIL
SRR LA A — B EIR S U A AL

PHOBRILE 2D R AR BT B i & 1T
WEE 78 3D %3 [a] v g 7 v 31 v 179 25 W A i e o
XTIy HAETE 3D Ko (WS = WA P2 1)
S 2R ) B PAT T 1) i 1] 2 MR, AT 25
> =HEIEARBY A oA o SR T AR5 PVD (point-
voxel diffusion) (Zhou %, 2021) . Diffusion-SDF ( Chou
45 2023) . MeshDiffusion (Liu 45 , 2023¢) . Point-E
(Nichol % ,2022b) D4 Shap-E (Jun #1 Nichol , 2023)
5. i Point-E & Open AT H A9 K HUBL SCA S 55

YR G . BRI PR BOR R : 6 S SR
| EE Y HU A GLIDE (Nichol 5%, 2022a) 2E i — 4
B IR BES , LA UG R 25 1 26 2197 1
WAV E R O = o M ARG AL B 7 ¥ , Point-E
BELE 5K GPU b 1~2 min 2B —A~ = 4eREA
JERTH T — DB % BARLENG A0 gk T
DreamFusion %78 1M 715 ABERCR S ZHE0E L BAY
WEOLH, Ry P 3D AR A i BEE T kA, RS
Shap-E (Jun F1 Nichol,, 2023) #f — 4" & T 4= i H
B AR R BR TR 2, T 4 A AT Y e AL
HAR G MRS R RS, BEk
NZR—A> gttt B 3D B 7 AR B X s B S 4
AT X LS HOM AR AR AT WAL, SE I 2 R IR G
— A Shap-E fERCR 5 RIS EIIET Point-E,
RE A% L B /D B SR 20 B AR B 2 1 = 4 L AT 5 2
B, SHTE A, Shap-E AUAERR A ] N SE 8 T
T A 1 3 SR AR A R T R — B g — i A
NeRF 5 A% B FIE X7 77

SR F RS WA &, — 2 T AR 3D Y
PR AL — R BT TT , K 3D A R R A6k
HBAT 55 o ShapeGPT (Yin % , 2025) 1 5t i i 3D
VQ-VAE KR gt 1 4y 185 Bl T e 91, SR i A 26
{2l GPT (generative pre-trained Transformer) f) Trans-
former A AR SCACHR R [ [0 U5 b 2 Bl £698] 0T
T S5 B SCASBR B Y = B SR AR A X 7 R
REA= LRI AR , 4 BEAFR B T8 = R 28 1) 4 7L g
SEIN 3D N g i 5 1 SCHRAR AR 55 o BT Y Mesh-
GPT(Siddiqui % ,2024) W —LHES) TiZ 710, B
i —FP L T Decoder-Transformer %) = Ff [ 4% A= i,
FEHRL - 1 it FH P BRI 246 27 2 ey JLAT 55 4
AR AT R, SR 5 R IX SR A Y 51 i A S At % E
3 B T, %20 A i 58 B R = A . %7k
J& 7/~ T H [ 14 Transformer 7£ 3D N %5 4= 1% H 4 5%
RVET1, oy =4 A L )i 5 A A A A A
BCERHE T A S T R AR N 6 BT

SRS BT 3D JEUAEBE 1 AR BB T
PR 3D LR BN 2D AR AR " 513D B (Y
KRGS o EATERE T 2D AR AL Y BRI, REAS B
FEE 3D o0 A b I Sk U5 AL, DT A A
T S5 —BE 5 Y BT iR IR B R T
RO ) A R 7 T A 45 < K A B RO | B R A 14 3D
B R RGNS — 2 FR A HESE ; LK



$31% /5 68 /2026 £6 A

RERE, REBE, B, EZE, , REE, B
BEAIDEM: RE, ARSENGHE

T

| FaeGron .
=

Node Features |F] x 196 %

¥ W Coordinates (PE) “ s =
e M Face Area 8

M Face Normal m

W Interior Angles %

n

~ ReLU + BatchNorm
—_— :

| B 2

SAGEConv (256, 576)

%576

SAGEConv (256, 256)

SAGEConv (64, 128)
'SAGEConV (128, 256)

-

Input Mesh

|F] x 576
B

—_—

LConvmk:, (576, 128)J |
| ReLU + BatchNorm |
SERT

e

1D ResNet Blocks (128)

1D ResNet Blocks (192)

ResNet34 Decoder

Graph Conv Encoder

| e o =

) iy < || A -
!é § — | 9F] x128 |
=} = § fr—

5 5 <

~ ~ &

=) = L)

Reconstructed Mesh

6 MeshGPT Ji ik i e Bl (Siddiqui % ,2024)
Fig. 6 The pipeline of MeshGPT (Siddiqui et al. , 2024)

He LR[S W) BR 2 SRR SCRR AR HE— 2R 3D A
AT AR, S 3 FH 2 R RS (14 F) A B S

3 BRI =Z4EX KA

5 3CAF) 3D (text-to-3D) A G 18 A= 1 42080
XFRANE], E 15 5] 3D (image-to-3D ) i 7 A — i i /b
A E S BRI &, A EAR RO Y = 4
B, AR 3D AR O BAT PR , RO B
B B A SRRy “ Bl Ah 7 BB 7, A BRI 2D 7% B b 4
W7 E1 S R 1Y) 3D S R RIS, R 1] I L A i AR £
FRRGE P BN AT LA ER 7 o 5 Text-to-3D Y & JFE
TEFEALL, Tmage-to-3D IMF TR WL T T DAKH 2D e 56
AR 3D J A B AR A T
3.1 ETF2D¥ BB MRALTE

5 Text-to-3D J5 & 201, -9 I = 3 1Y Image-to-
3D i KRS T I 24 2D 7 BB A iy 5 K AR 1
Seu, 18 5 3 BRI R A S A AR AL = 4E 7R (1
P25 56 55 ) NeRF 5 3D 3 Bk K ) o 783X —HE 42
T A B 225 BUR BN T 290 A N 258 1 % 0 A1
WL FNZEAE o X — B AR I R PR R AL 4G Neural-
Lift-360 (Xu % , 2023a) . RealFusion (Melas-Kyriazi
4 ,2023) Fll NeRDi (Deng 55 ,2023b) 55 TAE . 1]
M SR A RS T SO SO, AR AR — AR
EGAZ O SCRYRR IR SO A SRR H I A A
T A FMEAE Ky SDS AL AL Y58 25 18, i L B H IR

fhiTE R AU e, e iE 3 — M AR
NeRF AL , DA IHE SR T sl S S T —
ATEHERY 360 i 3D X4

SR, 8 F Y 2D 9 FRE L (40 Stable Diffusion )
= % 3D 75 B —BovE i N TE SRR, BT
SDS AL ZE 55 BU™ H Y “ Janus 2500 " FU LA 2R HL
R TG — AR AR R R, B R TR TTH T
B A  PBOBE AL, Horp Zero-1-t0-3 (Liu 5%,
2023c) & EA B R TAE , A O RIHTE T
P T — R SRR RO AL, R — A
KI5 15 3D PR HE 5 Objaverse b #E47 I
25, 27 > Qe AR I A\ B LR RGB TR R4 22 1Y
AR ARPLEAS AR BOZ YR T i El& . H
R B - A YR 2 5 Y, (H a1 B
K O KA 1) IR B b AT S0 45 B B Al E &
PIAL T 56 T W A TUART A1 0 B4 5 K 6 56 TR o
I, Zero-1-to-3 FEBL Y T 5Lk i FFEARZ ALBE T,
RE A% 1 Ab B35 Ab 0 BCH R 4R | 28 02 KUK 30 S 1Y)
FERCE S, BN R IR 4 ), X — RE ) i H
Image-to-3D {T: 45 H — > M 5% I H 1T 5 1) 3D J8& A
e,

Zero-1-to-3 19 H BLH K HBHES) T Image-t0-3D 119
R AR I i i 3D B S B 56 4R
FRAC TR IFAEAE T R R

DTy 471 W . LA One-2-3-45 (Liu
45,2023b) AR TT i, R Zero-1-t0-3 T 5 i

2163



2164

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 6,Jun. 2026

A BMGAE B — 41U — 8 200 O R . 4k
J&  EAASFLAE TR E A SDS #5141 2 26 i
BAL G B R e (AN L2 #5125 LPIPS #6145 ) , 3 fif
3D Fon (U NeRF) 75 75 e 21 AH B 00 £ B, i 5 X 2
“PHEME AHVCRL .y 2 R B H o ) 43 i an
7 FIE 8 TR o

Input View (RGB)

; ’ Zero-1-to-3 ’
£
Latent Diffusion Model \
Output View (RGB)

K7 Zero-1-to-3 J5 ¥R K (Liu 55, 2023¢)
Fig. 7 The pipeline of Zero-1-to-3 (Liu et al. , 2023¢)
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Fig. 11 The pipeline of LRM (Hong et al. , 2024)
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Fig. 12 The pipeline of TRELLIS (Xiang et al. , 2025)
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