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Diffusion Models for Sparse-View 3D Reconstruction: A Survey

Wan Yiqian, Zhang Yonghong, Yu Xin
Chongqing Vocational Institute of Safety Technology ,Chongqing 404100, China

Abstract: Sparse-view 3D reconstruction aims to recover the structure and appearance of a scene or object from a limited
number of observed images. Insufficient viewpoint coverage, limited image overlap, and occlusion make the problem
underconstrained, often leading to incomplete geometry, blurred textures, floating artifacts, and inconsistent renderings.
Although neural radiance fields (NeRFs) and 3D Gaussian Splatting (3DGS) improve scene representation and rendering,
they do not eliminate the ambiguity caused by missing observations. Diffusion models learn regularities of appearance and
structure from large-scale image datasets, providing generative priors for recovering poorly observed regions. However,
plausible images may still contain structures or textures that conflict with the actual scene. The central challenge is to incor-
porate generative information while maintaining fidelity to observed content and consistency across viewpoints. This review
focuses on static 3D reconstruction from a small number of observed images, considering both known and unknown camera
poses. Single-image 3D generation and conditional novel-view generation are discussed as supporting techniques for view-
point control, prior construction, and observation completion. Video diffusion is included where generated viewpoint
sequences assist the recovery of a static scene; dynamic-scene reconstruction is outside the scope. The review introduces
conditional diffusion, score functions, Score Distillation Sampling (SDS), NeRFs, 3DGS, and differentiable rendering to
explain how information learned in image space can influence three-dimensional recovery. The methodological discussion is

organized into three sections with distinct purposes. The first two examine diffusion-prior constraints and generated-
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observation-driven reconstruction as mechanisms for using diffusion-derived information. The third investigates feedback
between generation and reconstruction as a separate interaction dimension. These sections therefore do not define three
mutually exclusive method categories. Individual methods are described through their optimization objectives, intermediate
information, and data flow at each stage. When a framework combines mechanisms or supports alternative reconstruction
modules, its different configurations are identified. Diffusion-prior constraints convert score estimates, denoising residu-
als, or distribution-matching objectives into optimization signals for a three-dimensional representation. These signals are
propagated through differentiable rendering to update radiance fields, Gaussian primitives, or implicit surfaces, while
reconstruction losses preserve agreement with observed images. Some methods obtain target estimates through multiple
denoising steps and use the differences between these estimates and current renderings to guide optimization. Such interme-
diate images must be interpreted according to their role in the objective and update procedure. The effectiveness of this
mechanism depends on prior accuracy, conditioning information, camera poses, and the balance between observation
losses and generative guidance. Excessive prior influence can introduce unsupported content, whereas insufficient influ-
ence leaves poorly observed regions inadequately constrained. Generated-observation-driven reconstruction uses synthe-
sized or restored RGB images, depth maps, surface normals, viewpoint sequences, or their features as auxiliary supervi-
sion or reconstruction inputs. Generated information can support scene-specific optimization or be processed by pretrained
reconstruction modules. The recovery procedure may consequently involve iterative fitting, direct parameter prediction, or
conditional three-dimensional generation. Feedforward prediction reduces the need for per-scene parameter optimization,
although preceding view generation may still require multiple diffusion steps. Nevertheless, errors in shape, texture, vis-
ibility, depth, or scale can propagate into the final representation through supervision losses or network inputs. Increasing
the number of generated views does not by itself ensure stronger or more reliable geometric constraints. Generation —
reconstruction feedback concerns the interaction between generative processing and the current three-dimensional state.
Rendered images, depth estimates, visibility information, or auxiliary geometry can guide restoration, and the resulting
information can subsequently update the scene representation. A single restoration stage followed by reconstruction from
fixed observations is distinguished from repeated feedback, in which the updated state influences later generation. Feed-
back may operate through prior distillation, generated-image supervision, or learned parameter updates. Image-level inter-
action focuses on selected viewpoints, whereas sequence-level interaction organizes neighboring views along camera trajec-
tories. These distinctions clarify where feedback occurs and which representation is actually updated. Feedback allows gen-
eration to adapt to the reconstruction state, but it also creates additional paths for error propagation. Incorrect geometry can
produce unreliable depth, visibility, or spatial correspondences that bias restoration. Subsequent reconstruction may
absorb these errors and reinforce them in later rounds. Agreement between restored images and current renderings is there-
fore insufficient evidence of accuracy. Reliable feedback requires support from real observations and cross-view geometry,
together with mechanisms for rejecting inconsistent information, adjusting its influence, and controlling update frequency.
Representative methods are compared in terms of supervision, three-dimensional representation, recovery procedure, and
interaction pattern. The review also summarizes commonly used object-level and scene-level datasets and discusses image
quality, perceptual similarity, and geometric accuracy. Evaluation measures include Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index Measure (SSIM), Learned Perceptual Image Patch Similarity (LPIPS), Chamfer Distance, and
F-score. Directly generated novel views and views rendered from a reconstructed representation are treated as different
evaluation outputs. Differences in input-view selection, pose assumptions, scene coverage, test splits, and access to geo-
metric ground truth limit comparisons across studies. Improved rendering quality should therefore be examined alongside
geometric accuracy and cross-view consistency, rather than interpreted as sufficient evidence of successful reconstruction.
Future research should strengthen the coordination between diffusion priors, observed images, and geometric constraints.
Prior strength and generated supervision should account for observation coverage, uncertainty, and reconstruction prog-
ress. Feedback should be evaluated against observational and geometric evidence that is independent of the current restora-
tion result. Robustness to pose errors, complex topology, reflective or transparent materials, and distribution shifts
remains essential for practical applications. More informative evaluation settings should distinguish scene fitting from gener-

alization and report the costs of diffusion sampling, three-dimensional recovery, and repeated feedback separately. Effi-
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cient sampling, diffusion distillation, selective generation, and feedforward reconstruction offer complementary approaches

to reducing runtime and memory consumption. Progress along these directions can improve geometric reliability while bal-

ancing reconstruction quality, generalization, and computational efficiency.
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back

W5 % DOI: 10. 11834/jig. 260539

0 35l

T

WA EUR P R I =4 R RN St
=R IN P A SR U B T P =2 R N 51
RS | A 3072 Bl RN P 2 A A o 45 B
J& , =4 g g W h 2 R E 0] 5 AR AR Z
5 (Han 5§,2026) . 323 50l 4 AABEAE B4
AR A A S5 DR RS M), S s SR B 3 X LA AR A
AR o R B o M5 AR A B,
(RGNS E IR DESD R EE R E 2 o7
L IR 28 A 5l 200 S R A A AN — B R R
PR , g ) 2 IR 52 2350 5 B HL s AL A —
O = 4ERoR , &R = R e 0 Y B A 5
STF318

PRA i g AL ] = 4 ol S AR AR g LTy
VA PR AT R = Y e S I A BOR SR b a8
K B 4544 (Structure from Motion , STM ) 38 33 KI5 45
AIE VG BE Ak TH AR AL 5 1K 52 75 155 25 #4 (Schionberger
4, 2016) , Z W & ST AR B 5 (Multi-View Stereo,
MVS; Yuan 55,2026 ) W FEAHHLZE 009 B filt 1A
FH G ] 5% 1 OC 2 1 & B9 %% JL AR (Furukawa 45,
2015) o 3K 5 MO FE 70 1 R A B i A0 ] S 1
PGP FR |, TER A A B0 UG A JE I 2
Sy L E # IR o 45 3T 3% (Neural Radiance
Fields, NeRF) (Mildenhall % ,2020) DA a2l 22 X 4%
TR Y B AR S B, = 4Em Wik % (3D
Gaussian Splatting, 3DGS) (Kerbl 45,2023 ) Il 5% F .
KT RoRg st St m Tk SE e, R
i NeRF H13DGS ittt 15t Fon 5 4e 75 2 (I
A AT PRI PR A 2 e A A IS AR ORI DX Sl ) 45
FFAP AT /D B2

TS BE S I RS AR KR v 2 2T SR
T LRSS R GE TR A B AR MR R
P B 4 T LA b sE LI 5 LS G S [m] 24 ol =

YeRoR o 2 2] BB EUR G e g ik o] DU 1553 7%
TR ko3 A VE R A M ARG 5 51 5 = e n T .
IXEEfE BN T TR B A T S Y MBS BR S % i
PR 7 AN 2 3 PR R R R, (E RO TR
2] AR RGN BT A
JERN B RS HAF & B 5oy =4 LT, FEAH DL
Y OC F N3 s RUBE A5 O AT AT REAE AE T 2% -
PRIt , A — 4 A 5 96 e b R 32 S0 24 3R
1) = AT, AL 5 5 B 5 LT HERfR M,
PO R R B0 ] = 2 o A AR O 1 0
[F)

UL AR, BT X B AR ] — 2 o M B B AL
=YL SN SRR R B TS £ . o TAE
53 5 DA i A T ks DL R OSSR K B ) — 4
A LR AR BE PR DG ST AT T R G P (Younis
4 ,2025; Wang 55 ,2025a) . SR1M0, BUAT 2534 £ [l 4%
FEE S YEROR B BUT S AU EE N T
BERLGAe] AR RDE XS 5 g B =4 dE d, LI
ANFEYBER S Z [ R 5 25 55 = R G048
gt . AR S 5 Web of Science ., IEEE Xplore , ACM
Digital Library ., SpringerLink , OpenReview Fl arXiv %5
T KR E 2026 4F- 8 H 4 H TR A AH & STk, IF
X} CVPR . ICCV \ECCV ,NeurIPS Fl ICLR 4§ 3 Z 231X
WICHEIATAN A A . FE S A LL/D I R Ry
S R B s 2 s AR Ak A = 4 3RoR i A
G0 — PR O AP A A L S S S A A A
G0 TAEUE REARFERY , AN AN L 7 5 5050
RSN O i R\ i 3 D R S L A o e
A FIME R e (G B IR A TR E B A =4 R0R
PIBESE , AW e s s it . W — TAERIB A7
FEA S 1E R R AT, 585 | HIE AR 5 v ok
IERR R TREN A AAETE SCH T4 SR A DG H R
kB G RPAFT RFEI—FLS LR,
FERAEZR A L IR, EETAEWN T

D) 85 By 2 &, S St s
2o 5 AR LI 3K Bl 1 T vk OF A Al

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

L1 ¥ BB I A

1 PRI F‘ 1.2 SRR T AR )
oL = 4 R L3 RS SRR ‘
S L4 VHCER S 5 BLE = o AL
AR A R ,
H ) 1 2 S P ERRER LR
{ T FI3DGS I A% 2 £ 5

A FERMAE RS — BN

R S

*1::: 21 ¥ ROER I
2 BT Y e smwmmammere
MAMESERRE || -

| AERGRENETEE )
: 23 ARG HAMEIE | | — EEREASAR
: i PRI 5
”””””””””” memrETRAMTRERAN
' IR
3.1 - O
| AR f{: TSR

[

3 HHBE, Wr?ﬁt»ﬁ'&?s!ﬁttﬁt% S S e {
3.2 W bR

WY 5L AR : PSNR, SSIM, LPIPS, FID
JUfTHiRE: Chamfer Distance, F-score
frREE, B — B0 S PR

[

—] 3.3 AR IR SR ot

A1 JRE I
4.2 AMFEILIEL it
_ 43 TR RE

FRSERES | EESIETEEET A
[
|

FLE T

i 4 BRAR SRR % 4.4 AEHUALE b1
4.5 WA RER
4.6 BN
4.7 TEBR

4 5 % |

K1 ARSCESRIHESE R
Fig. 1  Organization of This Paper

(58 1.5 2 Ao B BCABTAILAR , B S AS [ BIL 1 7 1
BT R HIER T B AR

2) WSEs il 7 3 B o = iR i E
AR A D T HCBAERIE D 1, IR A 94T 55 Y
B SRR bR

3) &5 A AN RIHL T AR 22 AL 5 5 R B, 1He
SR 565 LI P P-4 b ST WL AT S A B g 5% 22 R
FREE R, JF o M AR LG, 2 G e e Ao
B Z AL BE 1 5 TSGR A5 05 T BT 7 17

1 FHEAEMERRUBE=ZH#EZ

1.1 ¥ BERERFEE

P B A R — 23 3 T ) 4 RIOR R ] 2 MRy )
B 53 A1 14 USRS . Sohl-Dickstein %5 A (2015) %
AR 08 S, B T O R AR AR R
T8 IE T) 3 i v g 2 [ AR A FRofi A M 7 el B8l 20 A1
8 Y 2 T TOSE ) W P 0 AT s A S [ i A R o ) B AR
ZM , DA FS rp AR AR AR o Ho 55 N (2020) 721
FEA b4 SR B A A (Denoising Diffusion
Probabilistic Model , DDPM ) , 1 FH 1 25 [ 28 13 ] 44 Fisf

] AEAEAS P A R 1 o 1R A Q2 M o AR AN 2R
HANGRE ol RN 2 R

po(Xi-1]xt)
Op @O
B

q (X‘:»‘;(; 1)

Z S|

P2 FORERL A E e 5 R ] 25 M 72 P (Ho 4%, 2020)
Fig. 2 Forward diffusion and reverse denoising processes of dif-

fusion models(Ho et al. ,2020)

A [a] 4 Rl B T i W RS R 3B A ) LS A
A G e L S EMG R x,, 5 B (Rl
MRS S &, U o, 31 o, 1) IE 0] B RS A 28 AT 3R
TRNA :

q(x, x,_,)ZN(x,;ﬁx,_,,(l—at)I) (1)

K, e, =1 - B,,8,FRH A0 1 e a8 B
E— 25 L, 19 BRI

a, = Ijkn (2)

FH v 3 53 A 0 B S H M o, T LAl S [

15 x, ELAER AT BRI )20 ¢ BN IRAE A o, -
© [ KR AR




FIMRET, KkE, RE
H ) AL E = e EE Y SRR T iRl

x,=ﬁx0+J1—7&€, e~N(0.1) (3)
U, € s Db M o 0 20 A1 rP R B B AL I 7
BEA 1 35, &, Th R B Y LR RUHR AR R 8 s b, H
O A B A bR e R T A
S 1] 4 B LA M P R A A A i o B AP A T
FBRME AR OB . FEAIHE R c SIS, Hx, 2
x, 1S B RSB AR TT RR h
pd,(xl_,|xt,c) = N(x,_,;u(,,(x,,t,c),a'fl) (4)
P, ¢ TR Y BRI B, w, M o7} 53 31|37 B Tl ik
FEAGIIME AT 22, SR ghrb , & BB R 58 5 %
g 75 S0 IO 265 €, At M IRAE A o, TP AL B RS
AR H AR A -
| (5)

Loy = ]Exo,(,:&t[ )

NGRS R , W 7S T 25 2R n] i — 2D e s o 2%
o3 A A3 73 PR B AG T2

€~ E(b (xntvc)

Ed)(x,,t,c) (6)
Ji-a

53 BREICR 7R MR AR A 5313 4 X0 A 38 3 ¢
T, R RE , S WA AR [0 25 A7 A1 v M 38 X e 1
A, TN HOBTRL I T 1A 25 M A= i &
8, FLMR P F0I0 235 SR T LA 48 Ay (RUAR 43 A1 94553
AR MERAE e 2 5 H AT S B Ak

TEAAF AR, W 5 SCA AHBLAL S TR
LR AT B TR R 5 co SR HG R A: IS5 SN
F A0 B pma RN B4 7 SR TR K AR N1
(Classifier-Free Guidance, CFG) (Ho ££,2022) , H. I
R S
éd,(xt,t,c) = Ed,(x,,t,@) + s(Ed,(xl,t,c) - E¢(x,,t,@))(7)
X, DFRRTHMN s FRu| R REE ¢, RRE
W I R T IR R A FIN AR . s = 1,20
(7) 3Bk A % 5 ) A% PRI A5 00 . 1 K s T A Ak
e S SR AR R e 1 (H 5] 5 RUBE b AT g
AR A B R I R TR R L
1.2 ZHRTESARESR

NeRF 8 i3 # 28 W 28 S /s R SE Y — 4k 757, H =5
)37 5 55 WA 7 1) B G g AR P R o i e
T AHBILR SR 23 8] 1, R 2% R SR 3 TR
325 5 R KB, DU , P Ao A T e SRR BRI
o W TIZS BT R, i Gt PR 5 ELSOULI 22 A Y
R 22 BE N S 1) A% B 2 I 25 S0, 52 X 37 5 LAl

vx, logpt(xt C) ~=

AU S /e A ¢ i A S B S L S NS SRS
R 24 AR 43 SR 2, R LI DXk 1 %55 s 5 2 e )5 LA
R BN
3DGS R JH 43 A1 T =22 [ 14 2% 1) S P o 07
Jei KRG 55 AR S A T 2 AN
B 2 FI R 22 B8 S48, 2303k s ) o3 A e B
WEZE T 1) B A B 6, o eI o s A T 2
EIEAF T, 4% B BEIDUT 4T o IR G, T3 BB R B
. AT RHOCHIAL R R BE RS I [l 154k 22 = i 2
VGRS L IS TS i PO NN - AT E A IR LCE ST
R 5 701 o 5 NeRF Al LE , 3DGS R T 30T
FOCHHMETE Gy ABAE A S ], [RIRE 2 5 th B LA
BRI FETTH NS BRI
NeRF 55 3DGS F IR R HIAN R (14937 5 37 e e
T3 2 B 35 AT 5 a4 i PRI S T i
PEe RS 50k AR B EEF S AT &
TE Yl FE A5 8 % NeRF M 45 250l i 51 28098
EHRY FH T4 b A B8 5 UL i), 2 p 2 SR ) 55 e 14
B BB 5 T = e R n R, X PR
fEiy R7 i ey R = AT W R L S R e AN ]
28 A DTEMB BB g 5o Al . it , AT a4
AT TYTHUE RUE RS SRR Z M IR
1.3 BoEBE=ZHRTRNH
P RO R A5 S R BCE A 4 KR =5 A, T
Bt Nl RIROE $5277E MR O RSE) WU S | QL]
F b Z [AIANAFAAE B IR BE S B o X 3 — ) L
DreamFusion (Poole 5% , 2023) 42 i 15 4> 7% 18 % £
(Score Distillation Sampling, SDS) , ¥ T i)l 5 i SCAS
BN EURY WU AR = 44 iU Je i o 107 ikl it
AT Gk — e B AR AL AR (5 B L 2 =
YR R HLAL A R AYTE e 4 R0 206 i SO %
8, S T R = MER R AL
W= YE g 5 RS S BN 6, LS BN X
FOTE G R %, TR
x, = R(0.7) (8)
Fie B (3) 1) 78 G R o, TP A e ST I A
AT
xt:ﬁxﬂ+J1——6ge, e~N(0,1) 9)
BEJS B, i AT 2R BOsBY , JFARE 45 1 ¢
PO A M RS FETHIA SDS B BE I, AN X I 2
Mg 7 00 [ 46 A7 2 i) A% T 2 e Mg P 3 7k

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

SBRIN S (U Tt T N AR EI P Y EP
HAME w(e) Ja , A AT IR A -

N 0
VoLsps = Et.s.w[w(t) (G(b(xwzac) - 5) axeﬂ:| (10)

(1) Fon S ISR 2DAH R AR , e R0 (9) Hh
LFRANA IR R L €, (x,, £, ) RN G F5 AT 5] 3
Jo MR TR Ak R, RO R S 4
PRAFANAS | W 75 TN 3% 22 28 AT Al T e Al ih 22 — 43R
B0

SDS AR 48 FI ZR ™ HIUREAL Y W 75 0000 45 2R 15 52
PRI AN P 22 0] 8 22 S A 3 AR A A B2 L (R A 5
S RUEE AT e B0 (0 3 10 R0 SO - 3 AR
ZREPEA L . ProlificDreamer (Wang %5, 2023) 2 i
AR 315943 28 18 (Variational Score Distillation, VSD) ,
W = YRR SO A A, JF AR O 2R
B3 AT 55 25 FTE G 0 A Z ) 4570 22 5 BEOR — 43R
7, AU P A 45 2R 1) B e M AR A = v Ay fi )
1.4 FRERSERRAE=Z4EZNE

i 0 PR P = 24 o el 1 E AR A /1 WL (AR R A
XF R = HE gt R T RN G 1, %5 AL
ZHC R, D) Pl N L S R il A WL £ 4 7T 3
INH

D, ={(1m)} (11)
BT ELIOULIN Y 2 A R T R R
szﬁﬁGuaw¢L) (12)

A, d () i Y G S WL & 2 18] 22 5+, H.
PRRT SR FHAR R B | 45 R AR R 468 2K s R %
UK BERE AR E A A T ATE G S R (A e A
PR /A I 5 DX IORT AL £ B i 3 i =2 S Y 37 ¢
MBS A RO
PR IR IR RIASE PR (5 K0 o 2 ) R I3 Ai
AT AR A UL DIy 1 2 A b A i Se e . 6 TR
PHUGEE AR =R B G A 05 %, Ak
FI b AT ARG A -
L(O)=L,. (0)+ AL, (0) (13)
Ko, £, FRY BRI A, A IR 5 B S
WL 24 o 22 8] AR XA IR 2 Rl R By (B IE
WU T, s ] 4l SDS — 4, AR 3 R 7 000 4 2 A e Ao
JE, I n] e Qe OB =4 R, 3 (13)
9 S 46 T T WA B OB B B 2 SR, AN — S XS

B SEBRITH R AR AR

2 ETYHEBNERAE=4EE
Tk

RIS g s P 1] = o o A R
FAE FI AT AR Bl D7 SRR S B B S G AR
PIANHERE A7 ANE 3 BTz o 2R 2. 1 HIER 2. 274573
BITHEY B30 29015 AR OV 4K 5l , 26 2. 3 7 3k
— LT YA B e S AL

AR SO A B Bt e A F AR A0S H 0 1d I D 12
Jir R A AL, 6 TR 45 T 35 20 ol b WA HEAR FH BT
TESZH AT DX — R AB 52 i [ 5 ol 11 A B 0L
AR , LS TS i = 4RSS 5 £
fel st P, =A/INTRIEA 2 d LS A
AR =AE R BT E2E 5

B BUSRIAE A i A
=R rIER
[
i i

5 B AERT R

T HUER A H B }

ARG BRI R ER R

AR A R L

KB R: FIRE /IR

MR RRRAEBAHILR
L0 i

EMEBTER, W BAF
QLR E TR TS N

( J
1 )
( semm miam=mnsmnsen |

[ )

i ﬁﬁﬁzé&w&}-»[ i/ B H =BT

FHR=HBHEHES HF=4tkE
LR R M
e [ i I
)
( PR AR AL s RBAPTR F R BRI T ]

(IR ¢ R B a3 RO (e
Fig. 3 Roles of Diffusion Models in Sparse-View 3D Recon-

struction

2.1 ¥FRERARTGE

PRI 2 O ki T g A A R
PN 35F 5 i N WER A e sl 2 (O R =
SR EE A B R R AR AR . WA
AL A B H ARG T, T 3 2 Rt
R E 6 . AT 43 e 1 1) 4 4 Bk 3R Al
3DGS MIAH Tk
2. 1.1 HBaxEBSmaRRRYHR

P HORE A B AL 1500 (5 2 PT 2o mT T Y T K
X ph 4 BaaC R AR B2 W . DiffusioNeRF (Wynn 55,
2023 ) 2 55 HUK S S 55 T 6 R &] NeRF i £

1755 o %07 R Hypersim $045 4 (Roberts 45,
© Hh [H K % B SRR E



FIMRET, KkE, RE
H ) AL E = e EE Y SRR T iRl

2021) " 1Y RGB-D UG Il 2 Je W™ B Y, 2 ]
P, 5 TR T W R KA 20 AT o 78 NeRF Pl i 72
o S BB AL S TE e RGB-D EISH, 1l 47
B T LR EOME SR B0 B, I 38 2ok ] ffre g R
SR BT E SR SHOM A SR SDS AN
il , DiffusioNeRF M #h36 RGB-D K48 r 32 UL A 5
HMIRAETS | B LE AL IR Z A5 | AR R A B
Ait, BTN B DR 8 UG B BT %07
M LA AR B XS S P O R, W s AR S5 R 1Y
LIRATI S

Y HE e 5 B s s AR IR,
SparseFusion(Zhou 45,2023 IF R R A L it A K

WMANE

MABFEBY BRa
- 3

P¢(zt—1|zp}’)

o
2 O

PRFHE , 45 G A ARBLAL 2N R AR SR A RO Y
W 4 s o S BIE R, Ll Instant-NGP (Miiller
85,2022) R 375t R BEAL H AR L E G 2 1T 1A
18, G W i b T HIORE B 3% 20 2K A5 1) H Bs
BT, AR A T 5 2 A e G i 22 R SR 3 0
SR X AR R A s R s S O R
ML b 5 52 AR 25 R0 A vh 405 24T 37
B R ER A PR o 2 S (Neu-
ral Mode Seeking) . SparseFusion 3= Z 7£ CO3D |- i)l|
GRIFEORAN A 22 20, Hz A3 FT3 32 31 2R 26
50153 TS 28 25 AR BR 1

¥R

- ey

z | T

0 &7 69
‘ (y2)» 5] >(reb.0) min Ex[—logpy (fo (m)[y)]

4 SparseFusion i FEAE 2R K] (Zhou 55 ,2023)
Fig. 4 Framework of SparseFusion(Zhou et al. ,2023)

pan SparseFusion B Sparse3D(Zou &E 2024)
() 1) P AR R i 2 N7 A AR 5 H AR R IE] 2 [ 1Y)
JUARTF IR, AFAS P 20 9 5 5 38 11 R 1R A
127 12:17: 4% Stable Diffusion(Rombach 5% ,2022) i) 2
B, AN GRpr ik TE Je g AR A R f dan A 5
ISR ETEAY B . A R AR B S
S SE5, Sparse3D £ Hi 245 73 28 R AR ARTEZ AU
P — S BB AL 5 28 51 SCAR 254 Stable Diffusion
o I P TN 22 S K T AR AL AT 5, (0 o Al 2 2R A2 B
A PG 1 [ , B ) 2 531 S5 S kb 78 2 W
DI, AH P 32 R 088 2 ) H AR IR
ViTNEY| SparseFusion, Sparse3D 1% B8 7 i Il 4 Stable
Diffusion [ &5 A4 SIS, FEAR T X INZRIE 5 734
AR

B 5% i A REBILAE 223 A () ) 1K 8 4, UpFusion
(Nagoor Kani 5 ,2024) DL & I KR € 51 7% A by
%, FI ] UpSRT #5 Z i iy A\ R R & G R
RIS G BRI R B SRR A i AR
= YEYRIZ I B, 1% 5 7% D Instant-NGP i X 4 7R,
T A3 2 R AN ) R A T e SR R R 03
ATAHVERC . 4 BB AR o 7 v S Ak o347 2 I A
AR5, B A W PEIR AN 2 [ Ay ol B O 5 3% 05
T WA AL % B AT B R

TEYIR Y & @ Z Hh, ReconFusion(Wu 45 ,2024)
HE LA 25 PR BB 50 F T a1 4145 R0 360° PRGETI £k
BB S5 . 1% 07 A pixelNeRF (Yu %5, 2021)
2 28 52 B H BRI 00 FFHRAE , I 4545 CLIP(Con-
trastive Language — Image Pre-training) (Radford %% ,
2021) MR R Y B PF . BT, 4 BT NeRF
F18) A A s YT T 25 G ) T R 0 2% 1 25 A5 3 At
PR T, 8 R SR AR 0 6 5 L Ay A o 4 R
LA NeRF o 207 I A5 F D ORI 2 A6 Dy il
PLEARLS T BIOLAAE =, H AR AL A TRl T e AR
A EHT BT HARLEAT 2350 A A, B A0
A AT REAL 6 2 = ERIR

BEX I A% N 37 5P RO G R S5 LA 2
DP-Recon(Ni % ,2025) % % N3 5t 50 ik 2 W4
TF ST AR 22 e Us . B /R
53 R JURT LA AN S ILATE A 6 A B B = 1158 %o 25 X 4
F18 12 £ R 1417 Jin SDS 293, I 35 1) i SDS £
WA E YA IR . 20 RIS ] DU PE AR A T 25
DI S AL P b R A DL AR B, Sl 25T 8 SDS 512k
S E AR A A R RT LB Y DX
SR HLSE 56, LI 72 73 A DX SO 3 6y B S [
BLH

ZeroNVS (Sargent % , 2024 ) 45 51 [€] 2% 1F 35 MR £y

yd|ll
© v % T AR AL A7
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A R B A E YR = N E SN R IR G B
GG R RUEE B AR BIL AR PR R L 8 k. 3%
T30k 2 v ) PR S A i AR BIL R AR B
B st AR T BOREER
2.1.2 il 3DGS (AR 4 2R

TEM 2 B UK R Z 50, SDS g 1 T 3DGS 1
&, A CHIFFE B IS AL X B2 o 4553 DL BUAS 1
DL K =4 3R 5 A LA 28R 5 D0 A0 55 T T e T
ot

DreamGaussian (Tang % , 2024a) i 32 2 [ [a] 3C
A ol B R IR Bl 1 = 4 £E B, (E4% SDS H NeRF 4
Ji& 22 3DGS, Oy J S0 R e 56 9K 8l A s i 4L I 3DGS
AR T IR 7 LA |, SparseGS(Xiong 5,
2025 )RR 20 T B SRR & T 3DGS
el e AR T i RS 0 2R K T YR
5rp HAS TR EE B9 Pearson A 4 2 S ANWLAT LR 5
X RIS T i AFHATL ) R U0 ) FH B R B4R
P EER 5 X ML A S SDS AP 78 o LI DX I )
YU . SparseGS b il H AR o TR A TR SR BE PR
TRIE A O N B 507 e i o DA D/ N B e i o
(R 22 , 1% 07 HRE SDS AL BB AL, PRI s
B A LI DX I8 2 A B

BEXS HHEAS ] SDS FTRE S R YA m A% , IPSM-
Gaussian (Wang 55 , 2024a) P\ 73473 VG JiE ) B 5 5 1%
T AW 2T E RO L FE e iR 4
VLI P54 52 2 AT K AU L, 55 R DX
R REEAL 3 7 57 N S B S TR e A S5 7 H B
O3t Z 1B R TR ATE 23 A1, KI5 SDS H A5 73 fifk hy
PIASDCRC I < S (Ve e oA el B E 2 A, R A%
IS A RS 56 P B H AR TR IE I AL
T =S LA 0 T i 2 N SR B A R SRR
PR S G4 R SROESS R MR 25 . AH L SparseGS [
& SDS A T FA 83 , IPSM-Gaussian FL3Z % T 155>
VERC AP AR AL o

SparseGS 5 IPSM-Gaussian i % LA 2 Al % A A
BUALZE a4 , T A7 IR 0 P15 B 38 1 I v o2 2%
i TF A MERE o XX — [R]85, SparseAGS (Zhao 45,
2024 ) i [ fF ZE ARG SR, R G AR i A B
SAETT AT O AR O, 3 LASS A EEAE XSS A
1 A 1] £ L7 RIS, DT (] ) 4 SR AL
(% K UGB BT S DR RE AR, itk b, 2
WA SDS I T B i 9 s, 1045 A gt 5 2 DU 2 )

4% ZAPLSH, SE 8 3DGS S ML B B A1
o KT 0006 12 25 3 KA IR, SparseAGS Jei% H
U I I HE RS P e g ORI LS R % 220 Ak
HOF AT AP 2
2.2 HERMMERIHHERTTE

Az WL B Bl 614 T7 5 ) P BRI A sl i 52
RGB & TR B L8 SOk SE A e 4, -4
SefE B EOLAE ] T =4 . AR s SR aT LIE
Byt Ak ) B W B, R DA )1 5 B
LRI o IZHLTRI OGUE A AR B Ml A = 4IRS
TEFE , MASBR s H A 7E 8 @ TF 4R 2 i — U AR A
2.2.1  ARFEWEIAE S — Bk g s

FHY WO A Kb s A G ARE 52 (A, o
JeT EARAE BRI S EUA O B & . Zero-1-to-
3(Liu %, 2023) 7TE I 2 BB th 5 | A Z KR
HUFER LS R, nIARYE 7 2 R A FIARBILEE £
Az AR E DA EAR LT R H SR O AL A 72
H AR LA I A SEAR B AR . (H R T4 B bRl & Sr
KAE LEA A LA RIS 5 1 B8 4 A BB A
—H, Ry BG R AR A IE Z TE] Y — BUPE  Zero123++
(Shi 2%, 2023) K55 AN E HARRIE DR 58— K]
GRS IR ) — 7 i FE vh IR e, A ] L 5
=2 g8 R RN AN B 5 SyneDreamer (Liu 55 , 2024¢)
DU A 2 M ik ) 20 () 20 &AL 181 1 v TRDIR 2, D
U R (RN VA N S R T B A A B O
RGB MG ME LA 78432 s 3R 11 J LA () 7] 5, Wonder3D
(Long 45, 2024) Bk 45 2F U €0 IR 25 ] i 2k AT
SV3D (Voleti 45,2024 ) W4 1] 45 2 40451 ™ HCRE 2 ]
TGS A F R T i 32 v [ B ) A P 1R
AT AR L A bl = A i (HH R f s 2
PR TR A 2 W 0 TLAR] Ja8 1 A= OHIL ) Sy i s U000 e 4
N N i

55 Hy B MR A UL IR (4 7 EE R 6], Dream-
Sparse( Yoo 55,2023 ) LA/ dtdig A BIG S HARBLA 2
VE s a6t o HOUATBEH T H AR LS RO AL 26
RE Z A BRI RE , 2B B & =455 By
Uk P FTUREL I 20 €23, P21, P30 5 2 ] 15 | S A g ik B
fEFEAVRZE 1 Stable Diffusion. JHEHRRT 1% 05 0l
W B0, 10 g O LM g Bz 1 9 R R0 A R N
MR B i AR b B E N 25 R . T
B XS I 337 S AT B O A, (5 AR Y A 1) i A AH
IR
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FIMRET, KkE, RE
H ) AL E = e EE Y SRR T iRl

T 22 W i (1A 2% 14 A2 LA BE Al |, MV Gen-
Master( Cao 55,2025 ) i ) L {5 B 205 AZ M
PRI 207 AR IR R R P 2, 4% 275 K 1R
) RGB 1% & M #i 35 A2 47 [&] (Canonical Coordinate
Map, CCM) F 52 2 H AR L LA 7 AR 3R G s )
N, I % 3 B 58 AR R (Pliicker coordinates ) 3% 78 A
BT . BT 5 B 0 A 4 JR T ) Ak RS B ] 7
(22 LR A H BRI, AT 7E— RIS BOR AR I
oA s 2 A~ B . DreamSparse i i 1y H b
S R A AR IEA 3 4k S5 F , MV GenMaster 1l
FIH S 2 LAy 45 50 R 5400 1 X0 D

DreamSparse A1 MVGenMaster 4] DX € 1 A1 HL 7
R RIRAT o EERALE AR B4 A, NV Com-
poser(Li %5, 2025) % F K& —00 B XUR T HHESE
e A2 B B A0 P A ] s s A EAR AR BILAL 25
YR B, FL U SRR X S5 A SO 4 BB 7 iy
VAR I I 258 8 S AR 0 AR A i ) — 2 A
XS 55 6 Z A U] Je e 25108 28 20 a2y, (i 3
R TCH B HEA T AN AL 2 Al 1T g s
2.2.2 A SOULIN SR Bl i) = HER

PRI R A il R TR IR B S A
G b T A G — 1 SRR . — 20Tk
W FCAE S B B WL, 3 3ok B 5 5 L AR 52 NeRF
3DGS S £ B A FR T 5 3~ 07 vk 1 )1 25 o
A PO 2 = 2 A Y, KA AR T B v ] R A
BT PR BRSOt FRMELE R
AT UI4 R A5 o3 ZE 48 Oy =2, DR ] s K 5 2.1 il
SUNINE/ 1 s eIl

iFusion(Wu 5% ,2025a) % F “ 3 M1 —& A7 56
FAE BN 2R 1 Zero-1-to-3 , 38 3 fe /M H A5 BUZR Fr
TE 59 WO A J MR AE 22 1] 1Y 22 5, AR TR A
FUR PRI X% . 58 M EHR BCHE S , A B S A
1% Ko HA% T B X Zero-1-to-3 3F 47 1K Bk 1& Fic
(Low-Rank Adaptation, LoRA ) (Hu %§,2022) , #4559
BB S HARXT R IE R . = 4ER S B B, i
T J5 A ASE Y B T A 0 b e R 1 A J 5 ol A e A
S YEFROR W AT SRS S 2R IR A R S B SO A
A e 2 W] A = 4R R, BRI T i A Y
AR OHE SRS C R G E  (H 3G 0 T 22K fig AN
XoF G AR TE T 1 TF Y

MVDiffusion++ (Tang %5 , 2024b ) [ 7] B i = />
Tt I Y AR MG S R VR R AR 22 TR Y

TR B AR A W] OC &, A iU A5 T Y 2 0
o HERER . UIZRET BERL Z 705 55 H AR AL AR
IR S AEFE Y, BT S A T HOCR HE RS b e
B, To 5 B X S H Sl By EoRi Y . AR R E 4 bl
JEE M NeuS(Wang 45 ,2021) 5 A , 18 1532 5 240
[/ -RL e

SpaRP (Xu 4§, 2024 ) T [n] JC {57 % # i ) 1k €]
&, [ AL T AARBILOL 20 2 SO A . %07
B A USRS S R R A% R — 4™ s Al
T A — b %k 42 A bR 25 1] ] (Normalized Object
Coordinate Space , NOCS) Al [ & #HAL A5 Jay & (19 H ¥x
M. NOCS I HE . — 4B R R 5 =2 552 (8] (14 6T i
KR FEMPLNZC M, AT 8 i oK A 3 L n a5
(Perspective-n-Point, PnP) [R]85 T HAHALAL 2 . A Rk
19 H A A0 A A1 2 1) 9 B Bt — AR BOREAY , Hh
o3 HE 3 5 5308 D W 2 B AT S IR B 0T 48
U B A% o A A% A T 8 ) PTGy YL IEAR L
Brige o 27k T AR B 2 X 4 = 4E Ak ns
(], B 235 1 T RS2 o0 2 R ER

CAT3D (Gao 45,2024 ) 4 b 75 WL 3K 2y 1) o
SN NS EE /LU NSRS S5 - S 7 UL TN
IR S HARRILA 22 2R S5, 38 o 5 MR G
A A HE R S, I 7 400 1 H s A
ROOTHA AR B A B A ST, B RIE
5 A= % 1% B 5 35 7 H T Zip-NeRF (Barron %,
2023)fifk . R BEAR AR WA BT v Jey AN — SO0 At
fRI52 I, CAT3D TE'G #5128 Z A A4t 2% |, JF
R A5 A ISR A 55 i 3 B A A5 2 T 1) B Bl 2 A
W B RLER |, (4208 3 B S LI Y £ i A AE DI 25 40
KIFEHERKAEH . ReconFusion 7E NeRF ff Ak i 72 1 Jz
SR JIOB A A i B As LB 3, CAT3D IS4
Hh A ol R 1 A B IR A R A AR LR &
Yrst.

S2D(Ji % ,2026) FH X i AR R 3DGS L B8 4
A DR 52 7 E A T, 5 | AR o 56 i 5 8 5 0
M) AR RS E T J7 5 HI G B i A 90 46 Ak
3DGS; Ak 2 T i vh [A] B B Ik, 78 43 B AR AHAL T
T e i 5 2917 3DGS, LY BB B B ZE 548
UL A BRSO | 20 P 251 AR AL 3DGS TE B
A e HER LR, 15 B S A SRR A . B L
FEAS T 301l P 20 R A LB, 2T i = AT Ik
B FE L 0 0 B TR B AR P 5 X Bl . 5 e &2
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A OB AL (%) B 57 AN TRD, S2D A H R B Bt
PAT—R1B 5, RS0G5 45 FAE Ay [ e 4l B UL

CAT3D F1S2D 3# 2 Az e 1 H s L i Kb 52
EUEOLIN , ReconX (Liu 25,2026 ) W1 FHALAT 5 iR
RV A AL A 3% 2 W I P 3] o X6 T A7 28 B
AL Z07 ¥ e A8 B DUS3R (Wang 25, 2024b ) 1k 5 42
JRREFF Rz, IR R A 2 =gk R SCas [ o

ZREMSRN
]|
=
t— &
— { — )\A ->

il P
BHRmANE

LS #2 U-Net

F 25 BB T A AL Bl I AR J A5 3 5 Y 1 2
HRAR T T8 4k 3DGS, 3% R 7 B2 4n 181 5 BT o
ReconX (AR 41 DUSE3R i 11 1) {7 Pl 781 8 A ] DX Ja
18 B SR B2, DA/INAS T 5 2R JSON BRI S . A
TEGECH bR, U 51 RE A8 B (it T A 2 AR A
B o

EEERAN
=S

§ E B §
E | B Fli < =
i F AN F L ~
m E NETY IR — N E,.!A Pyl
: = i g BEE
| i ’ RXEFEN | i
:

_________________________________

K5 ReconX MAAHEZEE (Liu 4,2026)
Fig. 5 Framework of ReconX (Liu et al. ,2026)

SpatialCrafter (Zhang 55 , 2025 ) 3% 2240 /A 4= B,
S50 3DGS il R 5 AE [R]—HEZE op . FERLSI A
BB Bt L 125 R AT R AR AL A #5 E A H B
BUE R A SR OB U 25 2 B A i G 9
M AR T B R WURAE A BRI FE AT S L
AL oG8 — REEAG T T REA Rl Kt 4 b iy
FABLIZ Bl RUEE , (i 15 B RE A T 5 1) 22 A He kA
W2k, 76 = 4EPK 2 B B, Spatial Crafter @il & #1551 78
23 [ R SCRRAE RHATLSRT 2 2 i F1EE H TR B2, #4571
FH 45 & 3 5 PR 28 25 8] B A Mamba (Gu Fl Dao,
2024 )5 Transformer B & W 25 4b BRSPS 4RE ,
R R TT . ReconX B A BT F1AE S 4l B S
M 7732 3% 5 3DGS 4k , Spatial Crafter T M\ A= 15
G AR AE AR A5 B P AT 5 500 3DGS , 12D 1Sy
et .

i i A AR LA BRI H BRI S, BT
VE R A R LA P B L b SR R A R
GaMO (Huang 5 ,2025) 55 F DUS3R i 1T 91 47
= PR MR EACAERNE 3DGS . 27 IR IFAHL
HNSRAR Sl DN FE R R AL R e

3DGS Ti Y B €0 [ RIAS 325 B B Pl o IS 275 R [X 3
BEFR I hy o R4 43, HH S 251 €5 1 D) Sy 22 400 Pl 4 il
HMERRAE A Y s AN S (R A Jy S I 584
22 )5, GaMO DL b2 I 1) 58 40 b UG RN SR L i Ay
W, Ak S0 A0 3DGS, T ) 4 5t 155 A 25 R AR
PanoPlane( Qureshi 25,2026 ) F| FH 2 N 7 Jay 24 kb4
360° 4= 5 WL, I35 b 40 £k =5 31 3 5 22 7R 5 Panolm-
ager(Xu %¢,2026) %54 VGGT(Wang 45, 2025b) JL
{4531 5 MV GenMaster 4= 155 B AR I, 18 1o o] FE 44
A3 5 3DGS Ak
2.3 £EREEENRIGEIE

2 ORI DL S R = 4 R (10 1e Y 25 SR ol L]
AR Ry SR, AR ol P 25 2 Bl o RS R A AR A
&5 5 I USRS F 5 n] B30T = 4e %R, R4
T SOnT PR A TE Y ML S5 . MR AR AL BEXT 52
XHRAEH EELRIN A R R e 2 A
BUIE 0 7 9N A S b T 5 0 = 4RI S PR
Z 5 e g it I 2 5 R o
2.3.1 KEMRgUERE 5%

Deceptive-NeRF/3DGS (Liu %5 ,2024b ) %5 B4 v7.
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FIMRET, KkE, RE
H R E = EEE N BRE T RER

TR B H AR B AR TE g, IR 2 25

Feivt 2 = HEUAC R FEAN SRR o 27 VA TV YR
P 283 A MR B 2 BAR LA, AR s L 550 I
185 M i VE Gt 22 8] A B0, 22 S Al AN i E X, JF
e 5 | P OB BY A A8 205 B DI o Extra-
NeRF(Shih 45,2024 ) W 1 5 A% B AT BORL AT £
I 8 m] A A T 6 AR LI DI I X
BT XS 25 iy 37 5708 50 A9 9 HIORE B Rb 42 6, 4 phy
TRBEAN 28 AR R I U] o PRI 7 vk S AR A 2 iy
SRR E T E B E RN NE BRI A
Deceptive-NeRF/3DGS FI| Fl] 1 #5 5% 152 22 fili t17E e A
B 72 P, ExtraNeRF AR $5 0] 1 R 7 B0 0 15 T

AR

TEAS WLV Py R o v, 7 B 2 30 5 3 17
PN G2 1 A0 W e L Ytk [ o GaussianObject( Yang
A5, 2024 ) FE S AR o WML SR AL XL TR
16 5 BRI 2R A e e 52 =SB B, anET 6 B s .
TR SRR A RS AL S B 2 e
Shae, I i PR = R RN 3DGS s Bl , R
FH B — SR v 307 SR P Sh A i IR AT e — 25
FE”xE, T o L B BB 2 . 1
e 52 B B, A B AR B 0 A 5 225 A 2 (R Y R
BB LA IR B Z KBS B At
AL 3DGS.

i
i . - .' | Emm i
SEER ' . . . - . /\ k
E»@IE SR % ?!/ “ R e T
/'-‘ i W — R A Emm ‘
o 3 MaTL g , 1 /f\ Rt g
& : ik XBIRIRT s l i ‘
&[22 o o $ B “ “
s ‘._. - [ N ‘ \LZL

BRER amE AR ==b - IRER ' zemw ARER T szmm
(a) SRR (b) BAfE EREME (c) ETEBBMRENEE

Structural Prior Optimization Gaussian Repair Model Construction Di Aware Sampling-Based Repair

&6 GaussianObject BVARHEZRIE ( Yang 45 2024)
Fig. 6 Framework of GaussianObject( Yang et al. ,2024)

RI3D (Paliwal %5 ,2025) it — K 9 8O 57 47
Sk ) L DX 3R A8 A2 AR SO DX 3k 4 AT 55, 530l
el A6 S A TR A S 8 A SO0 I i DX ) U R I
FEFIH EGA EH AR ik 2 N2 o GaussianOb-
ject fff B — Xt 2 L R AL AU AE & iR Ak T 4, RI3D )
A DX 1 T DR 2529 BEAS ] 08 A AT 55, DAk
BECANESEREENEZ B E . K
R AV 328 S 491 i 9] 19 11 55 JF £ L Difix3D+ (Wu 4%,
2025b) %5 T LAS GRS F 00 38 50 3 HiIRE
Y38 2o 4 (E A WL 2D 48 52 378 R BP0 8 (9 NeRF
o 3DGSTE Yy, I B R 45 A it & = e RoR Ak
FixingGS (Wang %, 2025¢) if — 25 $2 1 % 2215
ZEN, LAY T 3DGS Ti G 45 5 Wl k Difix 45150
1652 45 5 22 1) 19 RG22 T v B S 80, L7 iR
TbE R SRS . XTI E RG22 RO

éj\

AN]SR A IZ 7 TR AR i AT 2 H AR A Y
AEBLIES #2320 A0 3G I Wa B, IR o (B R e 5 | S dzs
B XA AL . 5 Difix3D+F Bt A st 015 5
R E AR, FixingGS 1 3DGS fi Ak 1 7 v i 4L 7815
MEMEE LR, T AT R e R i B A E R
SEiE F Difix AT 238 It AL T84

GIFSplat(Chen 45 ,2026a) 4™ U5 15 T Te 07
R A AT 3DGS T, %O e Jeil
150 0 R A 2R 36 G T AR AL S BT IR 3DGS. 1E
TR ARG TR, B LS A A5 S AT e 1R 25
S B IBOULIN 52 15 5 XoF I A0 s it % , DU FH R 285 1Y)
Difix 578U A5 3 s R, -1 3 9 0 s R 25 5
TR 2 A I = B 56T, OB A BUSE 30 R s, SR
15 55 214 T g DR A s ) AR M =2 11 B 25 A
Pl bR kAR B R S T S8 5K
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WK B Be A B A A 1Y FixingGS AN [A] , GIFSplat Jo 7
S I ARG s PG RF 2 i AN 2R 1 42 L 7E
PR B T Y18 — TR R i R A [ s akE A T
B fE) 2 s Ak o

P BRI T S P A I8 SR AR B A 3 ]
UETY R B %5 BAE IERAXT 55, LR AN FE R0 A5 S
BT 2 AR X 8, . GS-GS(Kong 45 ,2025) F H 24
T 3DGS A= B4 PR A1 a5 T e X TN 2 B AU it 4 7
JUART I 3 B L o 1207 V838 2o 7 35 0 A o
XI5 1 G4 BB R A AN R o5 (B 4% 36 5 e R AL, O
FEA B I T 3DGS I AR B i AR B TE ), Ak
INIIIAN G XS JUATT S5 R 0 T . 24 H AR ) G
45 AR AL 7™ FE I, HURRAE AT R ORI 0 B 00 A G
Ro FFXF X —[A) L, GeoQuery (Cao &5, 2026 ) F] FH i
TR B FARMLA 237 B AR 5 S G Z [ Y
JUATRE R , 225 G rh S S H A 7 8 X 55 1)
AR BT, P XTI 07 14 I8 P AGE 2R 15 PR A R T
T ARG 3B A T e 4 iR X A 2R &5 SR B2 . S2C-
3D(Shen 55,2026 ) #F— 444 WU 15t 5 40 A F A0 45
B MRAE T U 3 25 A T 5 A ORI DX SR 1 A AL
17, IR AR B MG Z 0] i — B R AP 1
KA R, XFERRREE DY R A LR 5 45 ) 3 o
PR, At Ty DS TR R ok 7 AE 52 3 AR P 2 iR 2
2.3.2 JPHINGEE S R

G A6 52 38 5 9 3 Ak BN () 08 057 1 3R A i
o e DL B A AT S Z R AR . SR AN
R T R AL AR A5 14 T G 2 SR AL, A FH A A5
A A R IR B8 S AR SRR A, 1 DA R SR A Ak —
YeFom . X —LFERE W] H B BobE p g s, ]
E— LU 2R Rt R A B = 4R
WS 5 RELT A AW, AT RS  AE i — 4]
o X B T SV S S 5 15 S AL
AW KB s

ViewCrafter(Yu 55,2025 ) 1] /b £ G AL 114
Gz, LIV HARAHPLEGRAS B 09 5 B TE Y751 R
S, R AT IR TR e 4 fil 2k 9 25 08 5 T
AR o MY RAAE T 2RSS AP RLR
BB T8 8 oS =, i T 1S = 5]
N F A B Y A B LA R R A R, A
2 YR JE I 2 A AR R AT P4k 3DGS, 5K
AT SZHHE G R R

3DGS-Enhancer (Liu 4§, 2024a) ¥ 4] 4 3DGS ¥

AEBLIIAE A 8 A V5 2 e 27 s ARSI IR 2 |, 7
23 [A] W 52 B W AR S SRR O R AR, 38 1 B 25 i
A AA H RS KR AR iGTE 3o 15 B g 791
FH T4k 3DGS, 2R, M4 it B/ 5 41T
S (10 4 XU S, AN RN P4 DX 475 AT i H R
MR — BN ES . X0 I — A, Guid-
edVD(Zhong % ,2025) DL 24 i 3DGS 1 Ye F 514E R
Wil b ¥ e — B A AU HCR RE
B, T EHUN G A . GSFixer(Yin 4%,
2026)#E— NS W 5| T E AR, 4
I IS 2 UG 2 SCRRAE A = 2 JL A 4RAE
LA A P AN AP S 4540 . —Fh kst e s A
B2 R B RS BT R 2 YT sl
e L— U 55

1w e & 5 1 Z Rl , GenFusion (Wu %,
2025¢) i — NG A A 5 = 4k R T Bl 20k A
o TINZRBY B, 2 5 AN A FH AT g Jeg a8 %1
G ST AN e B R T R, PR IR AR AL Y
A P B K I RGB-D FF 51, Jf: L) 58 5% JL i
e HC BRI B # F RGB-D B4 Sy W B 1 2508
WY RO, FERFEARZ AR B, TIN5 s 7Y
PRFFURES , Y 1 = 307 2 VT AH LB A B RGB-D
JP3I, B BB ARG SRR 4 S5 A B A T 4k
LA RN . WG BT R R AR B R T 81
5 e 2R 28 R, IR iU 224 R 3 s Ui
I A A PR . FE B A |, GaussFusion (Zhu 55,
2026) LI Fr g fe R REk AN BRI T 2215
S R T L T GR v XN A 3 e IR DR B A A
WA AR A B T S AT e TR B B P 9
Btk 3DGS.

SYN3R(Xu 55,2025 ) i i AR AA 22 (6] (9 3%
S0 B A U A R W B B () A AR AT 55, E
it A I G A AR OS2, IG5 4 2 U1 ksl A A <
2T R JETE R AL 2 RS S AR ML 25, PR %
YT 3DGS T8 G (TR BE 4B i 1 5 R 4% 5
HEr ol A3 209 805 | B . AU IERl -, SYN3R
GG LR B — B AU L — B T HE R PR
Bl o R AN e DR = 2 AR R e e AR 4 L IR
AN S P DX S R AT RE AR BE 5 5 B b i i SR
5o AR P I T e i T U AL M 3DGS
1k, G B SRR ke 2 5N — 5] SRR
B RGE S5 . 5 GenFusion 75 2 1511 2k
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FIMRET, KkE, RE
H ) AL E = e EE Y SRR T iRl

K B A A OB RN [R] |, SYN3R SR FH 38 H il
YRR, FFAR A8 AN 00 2 1 3 08 15 A2 i e e 5
SYEG | RE R

VidSplat (Tang %5 , 2026 ) #1454 #{ 5 % 8] i
T = 4k & Bk % (2D Gaussian Splatting, 2DGS)
(Huang 5%, 2024) ¥ i AL FE LA . W1 ER 1B B
2T SR I DUSBR Mg A Mt sl Pk
TR MR AR ARBLE | LA = TE B RGB K4
A | AT B AL A e SR A U5
Hh R SR T LS AR IR 25 A DUSE3R,, 15 51 8 1
T SE R 0 25 = TRk 2DGS. Ak B B, 2DGS
V5 G4 19 RGB [EIMGRN Hh M & Dt 2 38 B 15 21 1 7] L%
IR [R) 51 5 70 B B 2 M8« 7 o R 7 I B s A 2 Al
NS5 B TUART Y — Bt , B W 75 R AT AP v
Py, LB S T8 e DA 52 T A2 AW X, A= R
RI2 B A5 BEMAUE A YIZRAE , T4k 8240 Ak sk
#4k2DGS,

7 ) IR AT ™ IR B b 72 32 252 LI I, K LA AH
BLB I B 2 52w RO I X B Ry B
ExploreGS (Kim 4§, 2025) i 5% 4% 5y W L o0 78 A [A] Wi
S5 1) N B A] WLAR OO, IF AR o e L AR T E A
WL i S S R AR B AR . ORISR
PEAF B 25 05 AL AL, 38 A5 Sl T 1] {7 i DX
(4 MESDAHBLENIE , 51 R0 RO AU A 5 AH 7 )
v oo 4B B O I IFE LUAR [RI AL 8 2 540
A, T2 A H 5 A P 1 1 A A B R R Uk
R 22 S 2 B A, T 3DGS 44k, LAFR IR A
A A 20 E A R AR

5\ %5000 @& ol WM B ExploreGS A [A]
G4Splat(Ni 45 ,2026) P4 Jey - 17 45 #4) 4 & B0 R HT A
R 2T R S LI 0 0GR ORI & T A A
PR (4 Jmy 3R 1, 75 B 58— 4 Jm — 4T T R0R
A5G IR B 5 R AR IE J5 19 5 H R BE AL g ] L
PERIA% . R IERE [, G4Splat L4 R 18l 2 IR D
i e e 0 B S s B S I O, SRR B IS LS T 2ok
T 1 DX BT A, IR AT DL R T R
B DI, 5 | SR BB A AT AT R4

AnyRecon (Chen %5, 2026b ) T [t1] iy A 40 ] %5 &
RS [] 3 A7 AS ] B 8 3 55, P 350 1 K AELAR L
BRI 3 A B B R A B . B 58 R — AN
BE A W0 e 5 B 4 ey — 4 JLAT A2 s 7R AL
PR 2 B, 1SR AR 5 2 ] 8 S R R L] {5 B
i, NEAME RS % BUR AN Bk
Y 55 BRE SRR LG . ST R rh £ ] B
R T A8 SR 5 B (R E, 2 J7 vk BT A v
7 B IS 8] .4, ik B B 18 5 R R
HAOER KT EIFH . 5 ExploreGS
GASplat il M\ i 126 00 552 v B 0] v 2 o B AN ]
AnyRecon it — 5 Pl 24803k B, ff CAK R 9L
il {5 B RE B 7 BB S B A e

IR TR WU B Y R AR
IS AE R S AR E I F AP R skl
5 AL S R sg IR BRI, % 1
NG e RN B HUE B ATy R AR -
28 A D7 AR SR T IR T g — R

F1 KRRy BBRIFRAE=LEERZTEXLL

Table 1 Comparison of the Mechanisms of Representative Diffusion—Driven Sparse—View 3D Reconstruction Methods

Rz WE sdor i S U it
DiffusioNeRF ) \ RGB-D B A B R
(Wyin “6.2023) (s NeRF PEvemAR TR P
SparseFusion o 2023) EZ NeRF B 2 PEAL R *&%#T?Eijzﬁq?éfiﬁ
UpFusion o % . EBFRR G155
(Nagoor Kani 45,2024 ) AN NeRE TRUERAR AR 750
ReconFusion 5 EZ NeRF  PHUGKZR C EUEE i FARRE T
DP-Recon M Mgt o e NIRRT LA
(Ni %.2025) s o PHERAR TR .
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gk s Smden ik e et

Sparse(:3 (Xiong % .2025) EZ 3DGS PEUERAR BRI ﬁg%ﬁgfﬁg%
G 5 20200 DR abes  wioeesl mestw oo
R U sves  wioemssk etk o S
e (Wu 55,2025a) ;jﬁ m;bi/}“\g PR LEARH *rﬁ&%i;{gfﬁﬁﬂ»
N O A o Neusdeii RIS T WA
CAT3D o 2020 Eg Zip-NeRF /W Aﬁﬁﬁmi m%m%&g%w%

S2D(Ji 45,2026) iﬁ 3DGS A RRINER S Jol A g5 ﬁﬁﬁﬁﬂfgﬁﬁ
T O o abos R T A
s OH gy ERMMSIR oo WL 0
O ang %.2028) DRLaGs EMWNEE  WEHERS xR
PRSP a5 208 o N LMWWEE  WEHEREE AN
vl (Chen % ,2026a) iﬁ DeS iﬁﬁgfé%$ AR mmﬁ%@$m&ﬁ
e o) DRLabGs EMWMEE B RGB-DWELMSE
TN ) DAabesewmwme ol 00 R
P 85,2026 B8 obos  mwmwme s PO 2 TR
e DR aes w0 A
G e 28 owes  mmmmsr  mims T TR

TE Y B B AT U A Y B 25 = 4eW A 1) 2B W) — 07 iE aT ey Z2RLE o A O 4K ) B 6 475 £ P A2 n
PG TR P BT 2R A o i B B, A A A5 R T R A T = 2 T o A — i el A2 Ly R i B A A i 15 B 5 =4k
A R 2 L A A AE S A B Uy AT T R 5 R Y S B S S A (E A RN P 2 R AR A
AR 5 BUOULI AR i 7R ST A RO , PR T T 2 A, A i AR ARG R A SRR B Btk S 5t R TR
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3.1 #iEE&E

HRT, 3 BB R 9K 2l 0 5 g 400 1] — 4 o v o
T 1) H g8 — ) B AR 4 ARG 58 2 U5 B
A AN 22 0 A = 2 A AT 55 0 88, I

A Z A LI rh e D i RS N A . BT
[ A7F 5 >R FH 1 i AR R 8 L e IO 5O 23 [ A
IEA—Z, [’ —Bi e B g R iR A RERS B
e U . AN SOl F2 S R G e w WA O =X
FARBIE B 73 7 5N YR M 26, B RS e
MBI 2,

x2 BRUBEZ#ERERHREE

Table 2 Common Datasets for Sparse—View 3D Reconstruction

S ﬁgﬁ WAL 550 R
LLFF g W HILLFF-NeRF 74405 8 D FT AR L 5 SR IAILOL o v e a
(Mildenhall 25 ,2019) T KRR RS E GRERSHAR S
RealEstate10K gy 298 TTBLUBUT EL 0 60120 1000 77 BRAOABLI S BRIt BFML 2 5
(Zhou % ,2018) T SLAM DG HOE 2445 BRI 45
Replica o AP 1A AR LA N B R LR RS HDR SO R X SN S
s .
(Straub %,2019) PR W
Mip-NeRF 360 gy WS TEIMATN 4 NE W B BRI E R A AR R
(Barron %% ,2022) S s B
Tanks and Temples o N . =y N - N N E NN E S L
(oot 5 oo17) R A 2SS DL LA SAOE FRAE A LT et e
DL3DV g 7 10S10BLICS S SEMBNIZ) S120 JTAI1R B 65 655 HILH ORI 5
(Ling % ,2024) SR eE 2T Byt
DTU g TL 124/ BRI B LBEHR A HBLS HOME KL 90 R T 5 LT
(Jensen i’;‘-’—; ,2014) Efﬁ BEPERY
kL%

D i aoa1, TR CL520 LT AR 150 WA B 0 -5 W@%E“ M

javerse . ”m N e s =4k [ E CRIEG
Oy PR SR SORTT SR WAL AL Wﬁﬁiﬁﬁ ?J
fsow oy PR L 1000 RIESTIE I, AT 850 LATRISC PR S B A
OmriObject3D i % G000 T SCSEAIK KL 1901 BRULEIR B S5 WOIRTEAL ORI A S
(Wu%,2023) L FH R 45 =YY

Yy 5t P8 E 4 £ 24045 LLFF  RealEstate10K |
Mip-NeRF 360, Tanks and Temples. Replica #I
DL3DV. LLFF(Mildenhall 5 ,2019) i 5 £E HHHL K
RS i B, IR H i sk 52 4540 5 At it
FHBLA ZE RN 5 R B A . NeRF I J5 SRR 38 #
o LA 8 NI ) A S PR © AL B 45 1
T Y S A S B PERE . Mip-NeRF 360
(Barron 5 ,2022) f & 5 = AN 5 Ml 4 A= N3
s AR SR s R FE I 24 7 ) R SR
Z AR R IRE MR E 25, FEH T IR Y

HHRERAESHMMAAEM . Replica(Straub % ,2019) &
T [11) 28 PN () A ) s L = 2 b R 4R L 3
CRERWZEEFESIVANE 27759 & WA B0I VA 5
THE NG S . B AR R RS b S
7l (High Dynamic Range, HDR) &0 #f i L5115
SRR, DA S B 3 AR A5 R {5 B o Tanks and
Temples(Knapitsch 55 ,2017) B AL T REAER =
A S I, T DL T O G 25 R A R L
Al PR | 385 A PPN FRUEE S S S5 A IR A 2

RealEstate 10K Fl DL3DV MUK, 2 1] T4
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SRR Z . RealEstate 10K (Zhou %, 2018) {3 7%
29 8 7 AU Fr B B FE R ) A ML | B 56 2
1000 J3 7, AHBILAL 25 o ] 255 2 5 2 K] (Simultane-
ous Localization and Mapping, SLAM) 16 TR 24 4k
o BRI TN A A ORI 37 557 B A
A, DL3DV (Ling %, 2024 )11 % 10510 Bt H. 52 7 5
P2 5120 J3 Wi PR, B 55 65 28 % N A 43k i
S TEXT RS 375 W BE RO BRAR AR 453 5 S M A T b
. 5 LLFF F1 Mip-NeRF 360 %6 £l T % & = &
F Y B 4R 4 LL , RealEstate 10K #1 DL3DV 1] 2
YIZRRENS Ab FHR UL 37 5 1) B SR S (L B 2 004l

PR GEHI A F2 E AL AR LA SRR Bl A2 4 /Y
Y 5 kb R 42 B9 DTU, CO3D ., Objaverse , Google
Scanned Objects (GSO) #1 OmniObject3D., DTU (Jen-
sen 55, 2014) 75 5245 PR 45 0 A1) F Tl LA A 181 7
BB R AR IR P B Z OB, R e 2t i
PsE BUAHBL S EOM S DG4 R . HoRAE TR AN
WA E BN GE— W T IR i i A S5 R
YRR EEREEE . CO3D(Reizenstein 55 ,2021)
LS BRI P AT R B ) R BB B, £ 55 0T 1. 9 A
BUA 150 T3 it R4 A 50 A4S 51, ST SR AR BLAL
2 RSB = 4E = SRR TE . S DTUM I,
CO3D PPy AU 5 S5 AR AL S 224,
FH T WA O A5 FCRT K o1 B, -0 A 7 Ao
YIZRRT Bk WA 1 e

Objaverse , GSO F1 OmniObject3D #4742 {it 7] 75 Yu
8 = A AR (RO R RN = LA AN
[[] . Objaverse (Deitke 45,2023) NI K-S UEE T
80 AR T A = HERERL, I I A S A R F S im
SETUBE o BIFSEE T AR E ARG i g 2 A K
BT B A = e F @B AL A I 2. GSO
(Downs % ,2022) 425 1000 43 {4 EL 52 H & #) A  4
TR PR B T B RE R J LA S R R TR SCHE, vl T
RV YR HAT HER AR LS B L5 S Z 40 A
B4 . OmniObject3D (Wu 25, 2023) £, 7 6000 4~ .
SR B 5 1901251, F S A SU A |
AR TE G RGO L SARE T, 7T T4k 3k
T R G R = A . M TR
FEILMTPEI 4 DTU, Objaverse B3 A5 K HAR AR AT
1%k , Google Scanned Objects F1 OmniObject3D W fi
0% SN S AR SR A LS LA

3.2 TEMIEER

IR A K B 14 R L P — o o A DA RS
A AT A AR RS O A LTS B A
T HEATPEAY o PG i A o o R JH W (A MR L
(Peak Signal-to-Noise Ratio, PSNR) (Huynh-Thu %% ,
2008 ) 1 4% ¥4 FH AL 5 %% (Structural Similarity Index
Measure, SSIM ) (Wang %5 , 2004 ) iy & , 80 5 2 %
27 ) B EIAG B AH UL (Learned Perceptual Image
Patch Similarity, LPIPS) (Zhang 55, 2018) ¥4t o A i
41 A it i 1] R H Fréchet Inception Distance (FID)
(Heusel 5 ,2017) fiif &2 , JL ] K & ) = 2% H CD
(Chamfer Distance ) (Fan % ,2017) Fl F-score( Tatarch-
enko %5 ,2019) %48 5 .

IRFE AR B T A A BARPE N X S NS5
B RO B R A Y B R P 2 e e — 4
A BT, NeRF . 3DGS 55 9 46 76 A0 &5 F 19 7 4
S50 R = 2 FOR OB A AR ), U E AR
A — PP X G B 4% L3 . PSNR . SSIM  LPIPS FiI
FID AN BE HL 00 B = 4k JLAnf 8 5 26 2A LA &
A EESE b BT 454 CD  F-score 4845, I U
AR RUBE XS 555 2 3R TR A 5 i B B 8 I {1
3.3 REREAEHIWILE

F3—RSILB TREM T BAE R 5
JUARDHRS B B 75 ARG I TR (0 S B 45 5% o 3% 3 #0058
B I AL IE B2 5 700 9117, 6 4 4K B VidSplat 18 3C
JIT 4 45 #9 TNT 55 Replica JLfif 55 2 45 L, 36 5 B B
G4Splat it SCH BT X BLAS 3 5 1 FE I 5 T i LA
25 B B R IFIE SCHYTEMY 11 4% 5 X6 T i R [R] SCik i
LSS UVE AR L0 55 T I PERE S %, A
TV 50 B0 4 4 AR i A R0 T 50 A PR D IS 5 4 —
BUGMRAE , WA I TBS REE G HEA

3R IEFI R S AR E T, AEJr
250 7E G o ALK A 7R 22 5, oM RIS
a5 HARTE bR IR . R4, VidSplat 7E K TS SCRT
K TNT 5 Replica P HMSCT U T 484519 JL
faf 48 5L 5 36 5 b, G4Splat 25 15 41K 19 CD FAL = 1Y
PSNR, {H#E 1 75 T/ 51 GenFusion 5 Difix3D+l & ,
PRER S H R SR TR = R A By R A
S WY 2 58 RE IR R SR R AR IL N BRI
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Table 3 Reconstruction Quality of Representative Methods across Different Datasets and Input Settings

/(a)Mip-NeRF 360(Barron %5

£,2022) :3 .6 F1 9 fig AFLIA

Tk

3L

6 LA

9HILIA]

HE

ReconFusion(Wu % ,2024)
CAT3D(Gao % ,2024)
ReconX (Liu % ,2026)

SpatialCrafter( Zhang 4§ ,2025)

15.50/0.358 /0.585
16.62/0.377/0.515
17.16/0.435/0.407
17.32/0.439/0.418

16.93/0.401/0.544
17.7270.425/0.482
19.20/0.473/0.378
19.42/0.510/0.371

18.19/0.432/0.511
18.67/0.460 / 0.460
20.13/0.482/0.356
20.19/0.536/0.345

16.87/0.397/0.547
17.67/0.421/0.486
18.83/0.463 /0.380
18.98/0.495/0.378

45 AP | SpatialCrafter(Zhang 45 ,2025) 7 303 2, 43 B Hoh 5 A SCIPSYE ARG I 5% o B T0HE PUEUELIR YU PSNR 1T <

SSIM T FILPIPS | ;¢
2022) : 6 IR A BB, B R A

F-score

% PSNR LPIPS
o T (%) f .
iFusion(Wu 2§ ,2025a) 88.5 16.2 0.151
SpaRP(Xu %,2024) 96.9 19.3 0.123

SZESRTH [ SpaRP(Xu %5, 2024) 530 2, PRI 4 Hy
GSO T 1030/, BEAYPIAAT F 6 i T U RS AT Ry i

o THIN A% 55 BLSE AR 28 e e L RUBE I 1CP X6} 55, 7 1A —
1%5%4@ Fil & , F-score |9} 0. 05, PSNR 5 LPIPS JI T
TP F R RORE 197 Je s 9 L (¢) LLFF (Mildenhall 45 ,2019) : 6
TEHA RS

. =4t PSNR SSIM LPIPS
ik fE

For 1 1 !
DiffusioNeRF (Wynn 4% 2023) NeRF 23.60 0.775 0.235

ReconFusion(Wu %¢,2024) NeRF 24.25 0.815 0.152

IPSM-Gaussian (Wang 4§

73D 23.94 0.81 1
2024a) 3DGS 23.94 0.818 0.135

2L L | IPSM—Gaussian(Wang 45 ,2024a ) 18 SCI ¢ 3
12, 1 DiffusioNeRF 15 ReconFusion (145 5t %3051 A
ReconFusion 1 3 ; IPSM-Gaussian >R F I SCHR F5 1) = RS2 56
Bl %R LBCR AR =4 F R My 8Ue R A d 51k,
AR 7 A ] — LB F#T I 5 (d) Replica
(Straub %7,2019) ;5 g N4

4 HEERE

PRI TR 0 1o S B 24 A AR LI 4™ R T i
ML = 4 A £ R UR, AR S L Z A 52 AL
S IX 8 {5 SRS R T ARSI T IR R . 2P
o L R, 5 SR S L SOULIN B4 B A
F R AT AR M A B AR RS E . He A5 0 D

PIE" 13 .6 F19 i AMLEIZE S0 BART-IME . 2545 5 RIS ST 5256015 B (b) GSO (Downs 55,

F4 HETHRGHENGEILNEEEE
Table 4 Geometric Reconstruction Accuracy of Represen-
tative Diffusion—Feedback Methods

F_
ik CcDh | seors NC 1 PSNR SSIM LPIPS
(cm) 1 i 1 !

GenFusion
13.05 41.60 69.33 20.14 0.801 0.258
(Wu %,2025¢)

Difix3D+

1371 43.11 6534 19.42 0.779 0.231
(Wu %,2025b)

G4Splat

(Ni 4§,2026)
AR [ G4Splat(Ni %5,2026) KUK 1, R HIZ Y
SR 5T E . CD hemit, F-score IE S BI{H K 5
em, NC 7R R 12 1] — Z0HE 5 4 IR I B RO SE it
JUE

6.61 65.14 83.98 23.90 0.836 0.199

ZE ] BERE I — HES BN TT 18], A2 VLI F 4
DR ] BB A R M, 225 R U AT REE— 20 R
FREA i 25 o 3ok S ml 7 )08 o A B fdf P AN 28 HL it
P AN R IR 7 TR A5 7 5 vt ml R [ i o B
LIS < AN RS 77 o R N 27/ e v 1
5RO AT R L BRI A B SR ST
[F i
4.1 KRSV FE

TEY WU A A f rp, P RUBE R R A 7550
B B A DEC A 5 e m] O AR T e S
B SR, T HOTE S 2 I 2R T A e T
T, S 07 M R AT & HARY S H S84 o 2
B AL AN JE B S B A R, = 4 sl B
Y O 1) S 36 i 1) ) S LS5 FE AR 3 B0 LA i 7%
20 R L SRR A AR, SOMELLAR FEA UL X I )
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Table 4 Geometric Reconstruction Accuracy of Representative Diffusion—Feedback Methods

WikeS TNTCD]  TNT F=score T ReplicaCD | Replica NC 1 Replica F-score
Difix3D+(Wu %,2025b) 0.82 0.21 0.70 51.11 4.77
GuidedVD(Zhong %, 2025) 0.81 291 0.12 67.91 40.45
VidSplat(Tang %,2026) 0.66 12.80 0.06 88.42 80.79

T S5 FAE B [ VidSplat(Tang % ,2026) JF 3 1. TNT R 6 -5, 83506 H 5 R4 A K ; Replica R 8 1~
S, AN Rl 10 TR A RIS . CD \F-score Al NC 23 5 F /R B FE RS . JLAAT 82 8t F—score FIY [A]— 80t , B I0BUE LR B R TS
SCIPTA R . TRIE SCR AR 45 ) _E R T8 AR 19 S8 38 TR SO CEUE R B P R B JRUR S, N AT

x5 KREFENEERRNSREBLE
Table 5 Reconstruction Time and Quality of Representative Methods
/S Replica( Straub 45,2019 )room 05 M&#Hi A, #.9K NVIDIA A100

Tk B | (min) CD | (cm) PSNR 1
GenFusion(Wu %,2025¢) 414 15.66 16.49
Difix3D+(Wu %5 ,2025b) 68.7 17.79 12.94
G4Splat(Ni %,2026) 73.3 8.77 20.26

TE - R H AR I M SR AR BE ) G4Splat(Ni 45 ,2026) J5USCHY FEERAE SR . 9280 R H] Replica B4/ room_0 375, il A5

i 18, 5K NVIDIA A100 GPU . FERS ST HTISEVE SCAYAR (8L 5 o T SCOR BB ERA 45 7 i Ik 9 B AR 11 R
TR AL R BE , 2 PRt MU OO 25 T S8 AN EAS I R E AR DT L X IE AT R0GR . CD Al PSNR 53537
0 £ B RV (L 15 % L, B D07 1] 2 391 DAy S AR R 55 e €D L em 3

Y [ AT T X L I AN [] X sk A X 2% A4
N AR AR . SRS AR PR A B R
P52 1 22 ML AL B B gl A8 857 e 0 i B, 76 08I
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SIAE LA, IE A 5 250 0 B B vh 5 i S5
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4.2 FMFEI TS

AN RGB B IR FE LT R HL IR AR EL
P, FCPT SR A7 0 AR 2 5 R R B R S A
Wi o 0 AR LI AR iy Bl B M 2 5 ),
S8 b TN S0 B A R 1T BB = AR A A, i L
Al A% SO 7 ST DR 5 2 A OULI B3 H R E
fiy A O 4% I X S g 25 A, T A% 3 2 O 1Y) —
Yo o JUHAE T8 A AR LI XI5, A= Bl g 25 B4
o b A D B R SR IE . S SRS
G EMAERY IR E R 5IEL 8L
FSLAN 7 P, X6 % B ORISR AT 0 S FOINA . X T+ 5
FLS A TS o S 00 N S IO AR AT HE s B A R BT
DASHIR 5 XoF T Bt /D UL S 45 1 DX sk, D)7 £ 8 AR o
P BE SR A USSR B T SR A

4.3 FHREBEPHRERR

AR S EEN Z R T, YE 4Rk E S
EWMIMHE S A E 4R T B =4 FoR. #V)
W U AR R 22, B R TR B AT DL B 23 () % i G
FAE ] RE 2 AR Rt R I AR RS SR OnT g i e
SLUfb b R A fE R . BEE RO RO N E Y S
652 45 5 vI REZ Wt T — 30, 2 3L [F) w2 B8
R, =38 22 1) 9 22 S 08/ INAS g B A ol IR 5t A 4K
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PN 7 AV AV B AR, AR i 158 2 70 A 458 T I 1 Y
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