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Review of Personalized Image Generation Methods Based on Diffusion Models

HE Zi-Jian, LI Guan-Bin

(School of Computer Science and Engineering, Sun Yat-sen University, Guangzhou 510006, China)

Abstract: With the rapid development of deep learning technologies and diffusion models, image and video generation models have
displayed powerful capabilities to produce high-quality and diverse results. How to leverage these models for efficient and precise
personalized generation has become a current research hotspot. Personalized image generation methods can combine text descriptions with
specific concepts or subjects provided by users to enable the creation of customized images and meet the diverse needs of users for
personalized visual content. This study reviews personalized image generation methods based on diffusion models, categorizing existing
methods from the perspective of the generation target into single-subject driven generation and multi-concept combination generation. The
former focuses on generating customized images according to individual subjects, emphasizing the accurate capture and reconstruction of
the subjects’ visual features. The latter focuses on merging multiple concepts or subjects into a single image, addressing challenges like
semantic alignment across concepts and visual consistency. This study provides a detailed analysis of representative work in personalized
generation by combining specific tasks and application scenarios. Additionally, this study compares and summarizes common datasets,
evaluation methods of generation models, and performance comparisons between different personalized generation methods. It further
discusses the challenges that personalized generation methods face in practical applications and the future development directions, and
offers a prospect for the research trends. This study aims to provide comprehensive references for researchers in relevant fields, fostering

the development and innovation of personalized generation methods.
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ArcFace™ 2 HUI 1D i AE A2, A (AR BB r D340 1) 55 £ B0 RE . ArcFace A& —Fh 561 85 27 > F0 I 30 1R i
T, B s B ERHAE ) 5 SR RAE T30 B 015 B, T8 K 3 AR AE 1] 6 A D A OB TR ) N 25, AT DATE A R
F RS H b A0 B U REAE. TP-Adapter-FaceIDP'L& —Fi3E+ LoRAPY () Al 2 T2, S Fr £ ik 5% EG ML F
RFAESREN, RO MR ARG N S DRl S N 28, AT AR B H 7R 26 BB 0 — B0 B FlashFace™ M A6 5 4 4w i
i3t ArcFace #ifidh— RFVKFHE K, X AFARIE R8O TE 2 Ml 38417 (B aER . SCE F I IR). FlashFace
T T — PR AR AR B, 75 SCARFNENMG 51 5 A2 O 2 H U — AN R U 1P, 2 A NIRRT SCAR 73 ] | o 5%
PhotoMaker™ VI @ 1K AT & B & (N 1D EURifi HE S ID N, PR T B0 e 2, M A ik st & i N5
B X LT VETE R S — B R R, & Bk AR U T A A R 1 DG i i) .

I\
AN N5
K7 ANGIENFIRE
7 TH AR AE 5 7 T, B2 48 ArcFace 5 TR BRAHAE 41, LA BF 9 O K J& 2 M8 37 77 3%, InstantIDP 32
) IdentityNet i#id 5| N\ 5 AN #CHE A (RFEIRIG . 27 M C 25 AL AL B S B SRAS 012 1 T 3 45 44,
ZITIEAL LI T 05 0 1 EF AR A, 36 BEAE B 223 5t T IR R4 2 10 B4 — 3. PortraitBooth®! R — AN 175
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TR B N AR AR, K 2 TR ok NG R AR AL R NAE A 2% A R AT A PR AL BB AR 1, 3X 51 NI BIAS B 0 O B S %
BB R T A RS R G BB B ) v FEARBAAE.

IeAh, — LB 7 A T2 1D UG A AR, BITE R — 3k B o AR 2 A AN A S 3 1 A . 94, MM-Diff) i it
FEN G5B B AR ) 3 R 1 28 YR 7 S B IN ) 3R, Se Bl 7 JE 7 Tl 2 U NI 22 1D R AE 1. UniPortrait™ MR A
ID B AR OR G5 — 2% 1D 52 i, AT 8 5 B 43 VR A5 17 . FastComposer™* & —Fh JC 7 i i v % 4R A i 5 1%,
T8I 25 B RS G R 45 B I = A b N AR P AR 2% A, SRR BRI [ 4% 9 B AT 58 N PR R AR A, B R T
THE A, StoryMaker™ 5 R EIX — Uk — 5 B T RV . SN LT TR B T SRR, W R AR g
M. KAV SRR — 8. 5T T2 A B4 AT 55, StoryMaker 5 N 17 B BN B RAE SR = 13 R P, DLAR
P22 i €6 IR A I L X LT 73 StoryMaker 76 4 i E 243 5 R 2 ) (4 IR B R B €. MagicNaming 42 i T
—FhIE O U-Net [fif g7 2. @it 5] X NN 25 /8], MagicNaming™® BEWS LE R EAE R A i AE T RIS LT, A
AEAT SDXL HERARAAR, X — QT AR 18 1) I 46 A2 BRe 70, IBHEFE T BRI RT3 e 1 F0 5 4.

A8 HENAL 4 B A R 2 B TR 9T 063, Nam 25 A PR T — A A 254 B ML A= i 1y 5 e
BT AZAE RIS TR A B 0 R, — AT & AT A AT BIE, AR, &8, aifESfiR,
RS NGB, SR, IR AE. NARUX 2 A8, Nam 58 N3R T — N ORISR R I ig
T/ 580k NMEFEAXS ) Visual Persona-500K #4E £E, JF2 tH—Fh: T I ZRSCA S EE S SR AL (1) Transformer
T2 - RS 3 A ISR Sk i N BV AEEARE A [R] B A X3, 43X 6 X 45l 24 5 9 Joy 8 A AR AIE i, et 57 B S
IR B BN AL, R 5 S IO R A s s Ak R

H A7 & Or B AN PEAG BHR AR O ARTE TR AR ITEE . 2 ID A R C—BUE 7 S 1 B3 k. 4R, 1
AT FEORFE B — Bk 1 [F B, i3t — AR BUEHR I 2 FEERN R &, 7058 2 R SR AL 7 ). b Ab, SRR LT
ORI R80T 15, DR SR TR s F PERN AT e 2, 0K BN Z Ak i) SRR Bk B VR 2 ST R T 2 s
STTERIA W R RE, SR B M AR AR B BB TE TR 2 SEBR I S P AR B2 RO, 9N TR ReAE i 45
AU R B 22 B AN A
2.3 EEIBah ML A

EHEIREI AN ARSI Sl AZ O B br iR lid 456 S F BB — RFIZE 5, AR = R SR A — 8k
() 2l ARSI 51, BT SOAAE i R 97 BB, JRATY AT LLIE S 187 B 7 U-Net &MU n— AN 5 vE = 07 B 52
BN BEG A B BRI ATA: 0 0 . AP AT A e B B2 ) — A B A MR (A4 AE /. Animate Anyonel™)
A EMERFY 5 S 5% NS EUEREE). & T Stable Diffusion™ & FIHELE (A0&l 8 Fiok), % 2D U-Net Jin
B 2 i, s G A i JR 31 525 MR I A T AL AE . 12 7 725 16 ) 26 B4 R FH X U-Net 11, JBid 2
JE U A& ST — B Al szl B AR S, 2% U-Net 1 e IS H RGN 2 REERHME, B G ERMR
Herbia i G057 i 2 [ VE R IHUH]S 2 U-Net (928 SORFAESEAT A& 125 (B3 B T HLHI R 3R R IR AR A 3 AP BR:
1) ¥ 226 BUGRHE VR I A0 48 B 211 ¢ O 2) FEIE 48 5 b5 AR il MBURRE BT B 42 3) dlid B = v B STl
MEAS B X TR T Z25 BUR BV AE, B8 0R 1B 7 LIRE T Y. 456885 S NEsEhl. f54:
(¥147F 72 1 MimicMotion™” A1 UniAnimate!* JU 3 — 5 itk 7 ZERHHEZL. MimicMotion™ Vil FH T3 I 25 (MRS Bk A
Wit T PoseNet SKyE N 42(E B.; UniAnimate™ 5# i Mamba I A ZEAE R, ZE (R 455 FHES S KL, DL
LUEE S ) AR s AR B AN, — S AR R T R FIE s HI S 5. #4, DisCo' 'Rl Magic Animate!* i ]
DensePose 1 4 AAH R, il Champ™ ISR 3D ZH04b AABER SMPL SR A LS B, MR LA
HUES.

R ZMEFFME 5 & 2551 SIS AE B BRI T — 8 ), (H A TE A IR K SR BR 4. 78 24 1 1) 8%
S 3hm TAER R, B35 538 5 & AR RIS SEHU, AN 1Ak P 25 DU SRR T s MR 1X Fh 20 15 B Ak 28 7
T B B F Bl 2 ) SR RAFIAS A T THAEE B AR . BT S, M5 HIREE 2 (A2 (7] ¢ R 8t
ZHEIUE, NSV I8 0N ERS BARRIR. i, — AN (e B kst AT E 505 WA Y L3 T e A AR Al
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AN EBR. A, K 2 MO T TR LB 2R ey R B s A (R B P 55 s BRI, T ik e s i B Mt 5 LA 2
[ 52 2% f 223 (R AN AZ B 5G AR 3k  Joy B A ™ sk PR ) 17 sl SR Rt — 20 R Jee, o HL A 7 v P2 LSRN 2%
AEH AR . R, — S TARTT AT SR I IO L AR B 5 37 S5 S8 B b S — B0 PR B, 3l i 4 A
SR BN NI 5 b 5, 8958 A PE AR EL 9. 1, Text2Place! il % 2115 SUHERD I8 I S0 A
Sl ALK I, ATTRE A AE TS St . InVi VS B AS SR i i R T WL A i, S A) fA
N WEAE, —SBRIE T A 5 3 SR 1 58 HL L {541, MovieCharacter™ ¥ 20 i £y 4 45 L& B 25 R A4
(ARSI 51 e, 1T AnchorCrafter™™ W 434 - N W A8 B, i3 7] i S S 58 ELAMURFAE RITE N2 HLIZ B,
ST e SR A AT ARARAE . MIMO il 3o 2% 6 S 0 V5, KA B N L 15 SRR, IR T
3D VR FE B A A X G 3R DAA A . Animate Anyone 2Mit T —FHHELL, MR i PR BE R AR N
SEATERN, SR RE A2 L i (177 227 21 (L S M 2 (8] N AE S &R Animate Anyone 2 38 1 Bk Ay € X S8k
MYEIABIROR, JEA RS R B SC— B M R AR B X IR, Oy 1 R THE BCR, BT R T —MIRIRTE K
IS SRS, A RN My (o 5 3 B R SO0 L (B fIA SRR & I I MU BE S A AU T R ) AL, SR RE S
B OSSR RAES.

LA 2HEG
%% U-Net P
h h
— e — vl v
|
2% A R Sy AR
— CLIP 1
’ ¥ U-Net l
A E%"E%TJ i
— R i .
_J 5 5 IR S |
- R | . 5 | i
. [ P S
i iR

I AR
Fr5i

K8 EERIKBh LA s &

B T AL NPIRLIIAE AT, S8 I AR DL B B AR B 5 — P AP AE B T K. MotionCer] ™
I CameraCtrl V1 77 THI 22 #1104, "B A @ SCA N A i 2B (1) 18 S o, JF IR 4 0E Tk 3 2% EIg
(1138 3 3£ R R B AILIZ SRR AL B SCAIA ST, Motion-12VEPBE T T —Fh SRR 3E F EUE 51 5 LA
PERRTT . E SR VE AL A HE R SR U B A IS B, 481 0 B R I 14777 ) SR R BB B RIS 3. 28T, Motion-
12VE2N ) T BN BR, A SCRE /NI BE P18 3y, T0 TR SRR 2% (AR LIS 2 2R (PR e 411 15 i 45 Sk ).
MOFA-Video™ & 53 —Fh 5 SLBUR 3R JZ a2 B i 7715, & STRExH i N BG4 JR B X AR 18 3 7 T kAT H
Rz, T SE BN B AR ALIZ 3. ZR1, O T i ORI AS UMK 42 5 — Bk, MOFA-Video 2R A1 7 ok A\ B4
R BE R B (1 RN JR 8 X 3 S A2 2 77 1), W OR T ek FEE R 2 R S A WA 42 S5 — B0 ME. AnimateAnything™,
i 2 RUBE P R AE R X OB AN R 9 A (WARBLEIZE . SCARSOR R PR ) 48— AR IBIOGIR, JR4E5 65
T miash e ik S RUIA i RIS, 51NJE T (K A e A AR, T ORI — Bk, A o> KR g3l
312 PR ] L.

25 BRIk, A PEACRUI AR AR AE 1 (Bl I 5 2R 58 A8 B T A T 2 R, (BT e 2R AR R R
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T K PRS0 3 7 28 S5k . AR R PRI 7 7 3 — 2D R R e 2 R SR SR A ) 58 T AR i, DAHE B 1% 8%
ARAE T 32 (0 S B IS B A Fe . 81, ] A AS 4 T SR A 1l RE 0 ORI T SR B E R ) A B AR B A L,
AL AR AR 3 T A2 VL AI) 20 458 PR RN L SR, 2 (AR AT T T i B TR B 2 2] BOR AN 2 S 27 ST TR
AN SR, AR AR AT SR T 2 Sebrdz st h A3 BT B, D N TR REAE B A 2 (ATGC) AU ok
B2 3T AN R A

3 B MELERR

ML FE— A E S AR S B, s T 2R, B3, SLIREM. MBRISaE, XL
TCERIEH LRI 7 R RIE— . SRR EGBRY R I T 2 ) MR X P B 2 M i s Bk R 77, AR B BHE A Y
RetE AT M, BRI B ARG B 2 HIE T 5. 22T 0, T A 1500 RS A M4k 28 RLIE 1)
RS R AT 2SR S H S 2B DL 2 S IR A AKX 3 AT .
3.1 ZHRERSHEE

WESCE 9 iR, 2R IE RS G B AT RRERT Loy R, 58 1 M B e SRR G Ui, B IR ER
i UG R 2 ) 2 AR, TR ) I AR TP X S S AT AR, 1 E B U token BERETE TN &
HEMA. 52 MRERSRHE Tk, BB ERAES 2% ) R E M & IS s B, 7E20 & 1) 2 o St &
&) (R AL AL, 655 1 b, Break-A-Scene™ '3 H] DreamBooth {4 /732, 41L& & i 18 A P R0 10 2 (81 5 7Y
SRR B R T RS, SR, DR A B TR VR MR R T G I S A A A A, 3P T v e % 1] R R PR A0 R0 A7 1 ¥ 355 ) PR 2.
Inspiration Tree®*'fl ConceptExpress™ Vil M B 5K P15 f I & 2% ] 2 AN i ARSI Z M, BN NIR R
—ANANIE RS, AT, 3K 8 7 V2 S I PR g R AN T TR0 ), Tz ) R IR L T T AR 40 B A ST, X PR
T RS RN AT b, (8 AR A R 2 RN 2 BRI A R R A EE. TokenVerse i 56T DIT it S0 A< 3
BAERIFEATHEIC. EMLEEE] DIT 108 ) 25 () B A UM, Ref SN & 28 Bk S A 4 il 25 T iX — K30,
TokenVerse 1T T —Fhl TR IMESE, 1ZAESE DL EURFI SCAS R N, I 8417 78 1 i) 23 8] AR 4R 21— ANk
R 77 18], 1X L8777 [a) 6 J5 FTFH T AR BORT MR, #42 =) BIRRES DA &5 (G B 1 A 78— 6 TS 4 & i) |, token
merging (ToMe)' " & LA & token £ ik 4 ith i K ARHUAFAETE SUR A 9F H. token 77815 SUAT Jndk. ToMe FahE 4
% token SR GHES, 119 2 NMREAMEE S AT, KR T 2 S H & Miae k.

55 2 K B AR R AR EUR A & 4L A B kA i B G b S 4L A J7 il R LoRAP g2 51 i
& CEEFRER M), HIRBEIHFZA LoRA IR IZETIEAR. —% 77340 LoRA-composer®' FlI
OMG! ™, it 45 £ 2 1H) 26 (491 a0 2 [RIHE ) A B 05 5 DX 380 43 T s 4 SR S B — o5, SR, X PR T
SRE B WA A A BE 1, B — A NRER A T8E, 1X 0558 i #EAD X 3 %14y, HoAth 592 (Gu 25 N1, Po 5 N 104,
Shah %5 A ) M & 24> LoRA, fEEATREN B[R TAE. Jh Mix-of-Show!™ 15 LRI £ M & LoRA SKIKA S HF
ZANE HIME S K37 5o 2 F O ES SE ). Mix-of-Show SR A\ 43 fi# LoRA (ED-LoRA) #E4T B AL 4L, I8
T PR A A R T AN AR B RS U AR R, RS S BRI S R A Po SR N YRR T IE AT IE ML
%, B TE BRSO I A e N P E BT B TR R ZE AR X IR T AEHE BRI R v, sE IR RS LU
ANTHRHEAT BN, Shah 25 N MR H T ZipLoRA, &¥F a7 8 2 2H A B ) Py 25 3 A0 JXURK HE 5.

Z AR S A I AR REUE T B2k, BTG E 2 Phik. S G 2 M ARAN 21 7 H Ri )
AN P, (RTE T B 2 FEAL RN S 2 2 & AT i — 2B 4R R YRR AT #5510 T 2 A G & R DT vk
LoRA i ARFBEFER&5T B, W1 TS H G MR A R B R &, BAELE BREBM S E R
H s AT A ok 2 (A).

3.2 BEESREMFITHRE

TG G 1 UG AL B DASk — B BE 2R B A%, BLSEAE7E 5 AR Adobe Photoshop 1R [ 4 T

HH T e RIS, BT 2SI EUR A B, B 73— 20 O USRS T R AT IR A IS, AT
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AN EBr. BshdE, A% H A3 T 3LIE Adobe Photoshop HSFEXS £ Ju 3 fI4mRLE . € 10 F1H 3=
R B, 2 FARRI R A LR R B 220X 3 Fla 4% 4 45481 ). ControlNet "'l IP-Adapter™ 5t 5 MK BERE T4
B A (0 AR A R et T AT AR e vE . AR AR AR (Bl Es . R ER) AR AESMRN, JER e
FEEEAN T U-Net . HXAN TAERNIFAZ TR 28 AT IOREMNERE B, A&, WERKN. HF), XLk
FEXT T 018 TAR MR R CEZ. ISR 1) o &R BB FIRIR, 2) B8 A0 R, 3) (REFSM LRI & 17,
4) YERFRLBERFAE, S) Bk 2 FH T s 2 i 11 25 00 R RS T X 11 SR8

[a doll wearing a shirt and a necklace]

= Amm |
M2 1: necklace ‘.... ENEn }

AR 2

./ diiA B R
il

(a) HE A4 AR 7% TokenVersel [ FE
| FI feb ‘

\_ M2 3: doll/

(EES

EZ i
B R IETC &%

[ oeEms |

) p
| mEmr R DO
WA

(b) &AL A 1R 75 Mix-of-Show!®! (17T
9 ZMEAREHEREE

AnyDoor'" ¥ Se R 78 T MR N 10 B, G o] REAE B LG SEMCKE H bR 1B 20 SRR R AL E R B
KI5, AnyDoor JE R H AR AT AR, 253 A plidz 5t I G B REARRD ARSI i & DX A SEBliX — s, AnyDoor
i i DINO' My 1D $R LS AR BRI ) G HE 1D FFAE, I8 T — 248k ControlNet ()45 H4 KR AN 1)
2515 P A9 #h 78 DragonDiffusion ™ WIHR T W00 H 2 J 8 10 7, 7E 5™ USRS b 9 T 6 72X 1 4500 3 4 45
1. 27K PG G 8 AT T 8 SON TN R B TR R AR 0T I 56 2% DAL 7, HA A TR 55 9 8 LA
XEFF R RE R BR A, JFE R B 5| S BRI . BT 5, S5 VAR T IO BOR: 1) 2 TR R 5C R 1Y
BREZAOLALHLE, K 7 HE 38 R e A g 7 22 R A RAAE R 48 2) LS 5E SR8 0 S, R FHACAZ B BT R 5 o 4 X
5 JRAA PRI — B0, 19 2 TR 2 m AU BT, BT P9 A g AT — SRR AR HOR B R BB IE RS LG &R, T
A RIAB TR TRl A BB .
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I~/ ff'"’| bR

o - N R

(@ ¥KEBH (b) % (A1 RS (o) Eg fi 2
E 10 % W2 8S R T gmiE

X B RHE AT SRV A B 2 RS ORS B, — S8 AR TR AR A8 B A J=3 AT SE AR M 145 4 4. Zhang %5 A1
ST E AT KRB AT R g B I HE SR, SEBIUT B GK PR R AT T S 2 4 1A () I O OR 1 BB S (K AN LR A %
BT R A G EOR SRS R T I — Bk 1 56, TP T RS SOAS BT, K B H (10 2 A 0 GUBE R R ik
ANEPISL ) SCARIC Y, A RREE 13506 REALE I s FC, BEik 17— Fh o 75 U1 i I A SR s, 388 5 B 2597
IR Tt o A Jei 428 1) 20 R, A2 il R B R A6 S R D2 2 BRI S, SCRERS UL BC I 435 52 OB A7 J=) . X Ao
3 1R AR R T SR AN S I T e O A R G R SO, B LR T S B A AR SEARFAE. Gligen' ™ AT LURREE S0 A
TR AN E AL 4R L BEE. E AL 2 SR A R M NS R, Gl FAE . IREEE L T8 SCHIEIAE. 1 B kiR
WS, Gligen! Wk 4 5 R A AUBLEE, JFUR NN T I ZR114% Transformer 22, LLEESUHT i 58 BN 76 IR 1A,
Gligen {3 F I T HLEIZHTRE 3 (K 52 G245 S Rl A B F0N SRR b XA BT AR R, R T BE A Ttk
Magic Fixup! 2 tH 7 — Pt £ 28 e 5 5 8 5 I B A 32K IR RRAE 2, A 05 A PR Pt B RS 400 1 RRAE, R R FF
B RS T AL BE — S (8l T YNGR T RS, 7 S B P45 G 4 2 I AT RE 2 S BObE BE R . MS-
Diffusion™ & tH T 3 F4i J7i 51 5 (1) 2 ST RE ARG MEAMESE, IZAER R4 T 2 EORIIRA . BHRAE 6L
IR A7 R 5] S 4R AL LA SRR 2 5 R B . MS-Diffusion #4517 J&) token 5 RFIE B RAE SR SS & LUOREF
Fo 2 18] B DR OB, IR B0 1 A SRR AL, (L RENEIE N 2 E RGN, B OREEAD BRI T4 X
W %2 TR SGE R ITHURIAE CRas SCARSE B (0 RIS, B 1 8 R A 2L £

ERTARRZ R T 2S8R AR 1B 7 8 4E, vt — Dt 2SR PG — AL B RAE L, B AL
FATH TR IEBEIEAT Bk, SRR I AT 1. ST R PON AR AT AE TAL B 38 SO S (K R R AR

Wildl. Blob ZEtREMs e Mt & A B . K NFITT ), T = 0P PR AR T R B 2 A R il T 0 A AR
£, BlobCtrl {5 FH W] 13 73 B sl 45 548 43 B S SR RF AR SR AR FF 0. A5 Bhax FAF 3k ) Blob % 70 17, BlobCtrl 5%
T BB TR BN, SREEG TS ERIIEAN . B, BB B RN e R
23 A A RARIE & BRI 525 [l . Mu 258 N VR T — R UG s 5 2%, R HIORE R 02 k4 N B 25
() gmiE. ELRHL, AT R 2% ST S N gn D oA RES S s B i N G < B ot 7. X s so K nl LA A P B SR
H, i O B RS S 1L A
33 SELSRERASRK

AR AE N 2 MG AE R BB TR S, BIEAE S 4 e 8 e BARFE A & 0 — B B, 7R
FRSFRIRE R T Z RN TS X MES R B BB 11 FioR, BRI U-Net M4 HFHIE A
RS IR, SR J5 151X SR AIE LAVE T 0 5 2 N AR BRUEME 1 3 U-Net 1. BB 9 fR R A0 — 8o, IR3GAAR 1
i NP B R EEAT IR, S AR BN AS B 00 UG DA S S B N S N . — S8 5 v 2 B 1A B 1 S0 AR
B I 2 BB AR AR

S R LR TR VTR B B R S 1 B B 2 ST IR B B A R R 4R R GO AR e, X2
PR AR, 55 2 M BN AR T I H RS <Rl & BN 2 AP iR 7 V50 2 IR S IR N T2 0 (¥ o e, Bl
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S G RAR e, RN F 37 5+ 0 BR, 125 5 32 BERS RIPRBE ) 2. 5 42 Stable VITONY, TryOnDiffusion'”.
OOTDiffusion™. TDM-VTON"™ "% T {f 5 FH 3 T4 B8 9 H— 25 B4 A s e . Aol WA 80R, e
CAFH T A U-Net 4244, BIER 3 U-Net 242 s BB A0, Bish 5] AR HL U-Net, 1883 28 XA B ALK 52 U A
FHFESN AN AL O 7R . AR FAE G 15, AR T RAE R RG0S5 I B R AiE 7 THD e B H i SR ARG
B A HE IR AR (0 S B B R R A T B AT SE A BOR ST 4. BooW-VTONP @ i3 i 7 i it B O HE RO B8 SE T T B 48
i () R ADAR AR, TP JE 75 FERL) (0 15 T 3B G 1 2 TR A L AR 2K, o 73 2 £ A A 2 RS 68 e DB o 4 1 2
BIRMRARES. B 11 A H TR T B E RN U-Net 220410 285 IREEH A5 AR = E.

JRFARI U-Net
°0-20- ¢
() () D
IREERHETEA
' U-Net i i
PEx e H Dﬁ e —
A man is sitting in a chair, wearing a [gray coat] and [brown jeans]. A R R
SCAHN

K11 ZHMEREH SRR EE

SR, X LE T VAT IR K R PR AR F B T AR R i B 5%, 75 B2 AE IR ARG kAT . Ll w52 BN
WIRLAR (520, Tovk B T & B A, PR 7 s5rh REEVEAS . — 180708 i R W] R R BE S A ] 2k e
PRI (14 B 7S BT ) ER A R S StableGarment™ A1 IMAGDressing™ 58 ST BEAIR 78 (OAE S5, L H b
BT AR A UL R AR PTI 26 1F (EZS . st RAESE) RIS AT AP EIML. StableGarment
H1 IMAGDressing fif BifIR3% U-Net 2 2 BUAHRLEE 1) RESFFAE M RN, 51N —AMRA TR 7 I 2008 X SRR 7E
PO L FE RN, SEEL T RE AIARE 2 @ 1 rR 4L ALK Magic Clothing™ it T —/MEAr classifier-
free 5| 5 25 P IR RS HE DL K SCAIN, ST i (45 S0 A= P JRE AR (1 A2 1 B 7). DreamFit™**! M4 Hi — Mg B2
{101 R, 255 G % 4%, A P AT 5 89 LoRAP 2 A ES P AT U-Net 2 FRHUIR S RRAE, 12 B 20 AR R A0 SR B (1 5 1 R R A 15
NG Gy P JF A S A B B () R g RV Ak, X TR AOE TR R, B 20 2 SRS HE, BRI T B B
fic 2 M IR e e

S IR 2 1) R G AL & £ AL, AnyDressing!" ™42 H T 2 IREE B AIKACE S5 HE 2, SCRRARHE SCARHR R 5% ]
FU ARG EEEREAE ARG, ZAES TR LT HER: 1) MRS ORELE: B7 b 2R [ R TRE, AR fR
P R AR BE 1 52 A 803 2) SUAR- B — BUPE: di /MK 2 A TR 0] D8 D6 IX 3 I s ), e (R AR R BB 5 SCAR SRR 1 —
ks 3) HEAF AR A ST A XA G R O SR 4R . R P LR )8, AnyDressing i1 T —FP RIS ARIEAT =
20 A B IR 2 AN AN P A SC AR R 8 ) N R K357 77 4. AnyDressing 4% 28 B iR 25 $2 B U-Net P 3= U-Net BiM%
1L 2% 40 i, 18N GarmentsNet il DressingNet. GarmentsNet F| F 1% /0o AR 25 45 @ SR AE PR HN A% (GFE) fbk, i 3%
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= U-Net 280 s (K 9FAT A E R0 B S I A1 IR 41T R AIE, I 455 LoRA LI/ S 808, 8 Ge IR I8
T R 26 205 . DressingNet SR I3 50 & 77 (DA) AL, 5 2 11 BRS04 12 3 Wi R v, I iod S 91 2 e
BN (IGL) 2 > MG, Ty RASE A IR 2RE AN M EL 0 17 DX 38k, AT i v 26 R MR 5 STOAR S s 8 — Bk b4k, Any-
Dressing i ¥ i T IR IE SR AU 52 3] (GTL) HEms, il i IR AN s U5 2 B 205, 36 90T R 4019 O M . 52
TIX BT, AnyDressing A] ME PSSR, S840 88 BBIAE T 56 T3 RO R A AL XS 9 e oy, MAITT 2 7 45 7
B FEPE R I

2SR A AR 2 S M R — N BRI, IRk A 0 B b B AR — B R LR A5
LR A A A A AR, A AR TR AR 0 A8 8 i 24 th B B Rt 51 P 7 AR BB A

4 R

AT EBRA B TEAA B 6 NMESS 53 BT FEXS . 38 4.1 WS BTG A U PO 4, 26
4.2 VN VAL R FE AR, 25 4.3 TGS Bk B v e R e M T g
4.1 BUEE

T AN MR A ) B 4.

e DreamBench'"™: — />3 PR AN ALY (A BRI A FFECIR A, 5% 30 MU, T 6. s, IR
LRELR. TR, AT 25 %3m0, DA REAT 2 R PRA, X B8R imilias 7 & Fists. mifmm
JE .

® DreamBench++**: J& % DreamBench £#E&E ¥ &, .25 150 7K EMEH 1350 F42m1a, FiTPAb R it fedz
BET — AT PR AESE.

o HLIE R NP %diE 4k StoryMaker™ i Fi () ELIBE WSS 9 A0 B, A8 30 T3 5 A RS AT 20 T3 I
BM%, BS54 ] CogVIM™ 4B B, 3B MG AMEL A AOVEAY . B MR SR O BUR Y, B a2 5n 422
RFFUE.

o PPRIOK HidffigE ™% — /M & Z AR M B8 MR MG BERAE, G5 11 161 Ik R AR IR X Ae iy
By 1 681 Mg, B RAS Z K.

o TikTok benchmark”:: —/™Hi TikTok BLMLAIF & T 8 A\ FEIREGE SR, B3 A 300 MNEIGUUAM, B0
AR Y2 10-15 s, ZHAREE T LA T EHR IR SN A AT A k.

o CelebA™: — /AN KALN G & MR 42, 1075 202 599 5K44 A T3 EUR, 7 10 177 DA S 4, E 2
FAFEHSE 5 AR OC B 7 RIE S5 B G R/ 178%218, BAEIE A 40 K AN R HEFRE. BT
CelebA HHEAE PR AR B S 5, S DU AN MEAGAE B 2 FE 1, — O T MR IREh % 2 7 I 2B A
ERG RGP

® VITON-HD"™: — AN g (1) 78 4 0 jl LA R B 4, B8 13679 M ARSE 5 A | & E K EMG, F 2T k&
AR BIE I YIZRFN I K.

e Dressing-Pair'®”: {1 AnyDressing $#2 1) =04 (L& KR, T &R A EE) IR0 & B4, %805
LAE T NAFFHARE Dresscode $EHLI 26 114 A =T %F A M H BRI AL IFAR 1 37065 A = 02X,

o BlobBench®: i1 BlobCtrl' it 1) £ 4 P i F T-PF A T 3 24 2 ORI 73 1) 4 4E. BlobBench £ 100 7K
EHZ, Sk B AN 7 st B St 5 MG N LA B AL i) BUE, s WA S A 5. SR XS, DA DR IPAl I 2
SR R, X L R S A B 2T R PARAE, IE BARE TR S8, AT SRR PG Y SO IR
4.2 1Tfh¥ERR

JE B VPAL A A PP AG Fa A — MR R A AR OB AR AR 26 . TR BE R AR S B P 5V B TN A B0 A o
SREATPAL . N F12 78 WA A B TS e AR, CFE BG LL A,

e Frechet inception distance (FID)®*: {8 F 7 B 4% Inception-v3U R BURFE, 1A B UG R E 70 A 5 sk
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AT 5 AT ¥ #BA g A AL B A R ki 1869

P R IE 2 A BE . FID ] DA & A2 B JRIR 0 5T i, 7 BOBRAIR AR R A2 B R 10 70 A Pl S s AR, e W o i
LT

e Frechet video inception distance (FVD)**: — 7l Fl F- VA% MUSAE R & (6 b, 10T RIS A s A5 o 5 1
f#) FID. FVD fE FI T 251 3D A &M 45 (0 13D AL SR EBGIAR IRFE R R, I T 8 AE AR IE 20 1 5 1/
SEAWATURFIE 73 A 2 18] ) Frechet BE B (I PIAN 2 Je i 70 Al 18] B 22 53¢). FVD ELBRAIR, 2 WAL RO HA o 2 s,
55 FL SR 43 A

o I {EME EL (PSNR): PFAL IR % R, (EBORAR AR R AR BB, A5 B & i o By

o ZERARBIE 22 5 (SSIM)Y: Aty A Al PR A5 R 0552 R 22 0y 48 R ARVAL A, 800 RO AR R A P MR B s
AR

o 2 S RN MR HAR RAVE (LPIPS)®™: 5 FH ¥ BERSAIE VP ik A 1 MR -5 0 92 R 22 R0 AR R DL B . M ARG R s
Tk EIMGBARL, S AR BB I 2 R I e

® BLIP-VQA score!'": 3£+ BLIP AL FRLHE 11 2 (VQA) AE55 IIVTAili # bR, BLIP & — 7l e 3k 1 0 5 -1 5 L
YIGRIERY, Be % [R] I 2R A7 BELR A 2580 B SR8 5 ) &, JF 48 HE R 1R SCAR 51 %5 . BLIP-VQA score 38T PP Al AL AE
VQA 55 (R 2 IR A7 5 AR MR 5 SO il R TR R 0f S5 R BE . LR IAAE T B ATl UG AL o &, 3 PP A%
P8 5 SR SR — 3. il AR A 1l P AL SCAR A S — %

o CLIP-T!: —Fhtt CLIP LAY PR b, F 45 8 AR R 5 SO i 2 [R]85 S — 3k, CLIP J
OpenAl $2 i) —Fh Z B T SRR, B 8 [R]I B1 AR FR AN SOA, I8 L Z2 IR IR N 22 18] A 00 55 W9 2 1R UK.
CLIP-T HIALFHAE T & BB 4 4 UGN SCA 18] 1) 18 2 IR SOOREK, T AR AKZ X AR S8 RFAETLAC. CLIP-T 13
Sy IVE B AE [—1, 1] Z 8], 197 #E, R A i R S SCARHE IR (78 S — Bk gr

o CLIP-I"": —FfiJE T CLIP BB Al Fiabw, FH T4 B A0 i BMG 5 M BRMG 2 TRV 03 S — Bk, B sk
WY BT TR AH L.

® CLIP-AS"®: —ANEE- CLIP AR AL AR BARE T 5 1) PG 36 24 0P o PR b, Y0 FELE 76 0-10 43, S Bu s AR R 5
MEAFE N R EARE (Wi B, (. KRS, IR bR X b MG 5 s 36 22 SO SR (s s & A )
I I A .

® DINO-I'"): — 13T DINO HE 8 ({3t 45 b, 15 CLIP-T 2448l FI T 2 A il PS5 40 B % 2 IRV 38 S —
Bt 4555 BkE R B B AN Al AR AL,

4.3 FIEXTEE

AT A A T A T BRI DA X TR KB 3] U7k, % 1 5 T Textual Inversion” "\ Dream-
Booth!"*. Custom Diffusion”. ELITE"®. BLIP-Diffusion''”. IP-Adapter”™. Subject-Diffusion®™. OmniGen™*
1 UniReal™ X 9 A J59:4F DreamBench ¥ 4 b (5 B Ll 45 L. Al ML S BExt LAE B 12 shah . B T2 3010
T3 TR BRI G B T BRI A2 AT T 5, I FH B TEA00) 45 78 [T B HEAT IR 28 a1, 81 T e P e e, 54
HER Y 512x512 FIEMRAE L, IXLETTIEAE A100 B EFEIR EEAVN T 5 s, JRT, 1 2K07 30 T S08 2 2% R 77
HFE—E R EEAL, FlE 12 114 1 {78 R Textual Inversion!”. DreamBooth!"?). Custom Diffusion””ix 3 4™
TIAERR K B g B8 R 3K 32 B b T DA 27 o —NRE S B B IA] ] B I e ST O AR AT H A . TR Tk
(R 77 5 ) 5 BEAR A 5 e B P iR AT U2 0, A SCR R HE IR 22 ST 308 1E-5, fiiRoR/DN 8, I ZRak Rk Ei
200 X, WZRE# N 2 7k A100 2R BIYIZR EFAT X bL. 3% B8 07 I RCR AR ORAE B BT PG R 45 1 )1 45 DA
B EGHREAERIENTT 2, WP 12 FioR, IP-Adapter i F e i G B TOVE (R AF R 05 1O 41T, 25T DIiT M4 11
OmniGen™"#1 UniReal ™ N\ 2% EZ token J5 3U1E SCAHE 4 VT HC A 15 LRHRF 1 7 THI#EUAT T 85007 (¥ 801 (EAE
RK/INRVRAZ R 5 T, 1T 7 D523 T Stable Diffusion FiEATROM, B8 S40RAE 1B A4y, LR 77—
fAE 6-8 GB 2 [], OmniGen il UniReal ™ /& 3T~ DIiT LAY, BIALK/NE 12B 7647, HEHL R AZTEFELE 40 GB /2
#i. Custom Diffusion™ VI Zk I U 5 A 75 MB 76 45 W SRAF, 16 AF 5 P ATV 24539 38 0 5 -0 A0 1 7 VR B 4 .
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1870 RAE IR 2026 4% 37 A5 4 1)

X1 WIRIRS) 2] J74E DreamBench 446 g & XT L

WiRrS eS| ML&ZeH)  DINO-I+  CLIP-I  CLIP-Tt  #EEEmR M EAAHFE (GB)
IR HIIN P - - 0.774 0.885 - — —
Textual Inversion™  E Ttk U-Net 0.569 0.780 0.255 19.2 min 6
DreamBooth HT Ak U-Net 0.668 0.803 0.305 22.3 min 6
Custom Diffusion™  Z Ttk U-Net 0.643 0.790 0.305 6.1 min 5
ELITE" HF 23 U-Net 0.621 0.771 0.293 32s 6
BLIP-Diffusion"” HF23) U-Net 0.594 0.779 0.300 4.1s 8
IP-Adapter”™” HF23) U-Net 0.667 0.813 0.289 33s 7
Subject-Diffusion™ 3£ F-2:3] U-Net 0.711 0.787 0.293 435 8
OmniGen™" T2 DiT 0.693 0.810 0.320 6.2s 40
UniReal™ BT 25 DiT 0.702 0.806 0.326 6.5s 40

A can with a
mountain in the
background

Atoyona
- cobblestone
" street

A boot in
the jungle

UAFEA Textual Inversion™ DreamBooth!" Custom Diffusion® ELITE!®! IP-Adapter®  Subject-Diffusion®!

The can is
placed on a
table full of
fruits

The cat is
climbing
the tree

e B IALES UniReal™ OmniGen®  BLIP-Diffusion"”) ELITE! IP-Adapter?”

12 PRIk 2E 3] J775AE DreamBench 4 8 1 5 54t

ST NGRS % 31 7732, 22T StoryMaker™ ' F Visual Persona®™", 3¢ 2 #1114 13 %1 1 MM-Diff*, PhotoMaker-
V2P7 IP-Adapter-FaceID™, InstantIDP), StoryMaker” " fl Visual Personal™"'7¢ T X A\ #5135 4 A1 PPR10K %¢
PEAE b B e T s Bt NET 13 ] DA B, IR VAR REAE — R _EARFR(E 1D, 1M StoryMaker™ i it
Xof NI A €1 20 AR, 7 By NAGAE il B VR RRIAR A58 T4 55 NMRAE A b, BR Visual Persona #1772 i
Z A By A, DRI By A (28 AN 1. NG BRB) 2 2 35 e B T2 S U7, HEBRIE RS TE A100 B~ BT
5s. IXEETTVAHEFE T Stable Diffusion b BEAT UM, B SHRAE 1B /£ 4. StoryMaker 5 [F N 32 BN KA EMZ AR
fiE, HERLR A7 5 B, 7 14 GB.
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TFE 5 ATV AR AL B R A RF E Gk 1871
x2 MR ik AL
&Sl ik REXFEZN  FaceSimt  CLIP-It  CLIP-Tt  #EBLRAFH#E (GB)

MM-Diff*” P 0.607 0.198 0.784 10

" PhotoMaker-V2™") & 0.618 0.237 0.753 10

HIER 20]
> IP-Adapter-FaceID 5 0.666 0.229 0.687 7
N LT e "

InstantID 5 0.739 0.233 0.725 6

StoryMaker"” & 0.673 0.217 0.795 14

IP-Adapter-FaceID?”! & - 0.186 0.749 7

InstantIDF"! & — 0.170 0.712 6

PPRIOKHE 4 PhotoMaker-V2%” % - 0.203 0.764 10

A5 NERCR IP-Adapter”™” & — 0.504 0.738 7
StoryMaker"” 2 - 0.680 0.677 14

Visual Persona®®” o - 0.730 0.667 9

(a) 7E LB A P8 1
B NMGRCERBIX T
WS A% StoryMaker?™) ;,P A;iggg:r InstantIDB”  MM-Difft®?) PhotoMaker-V2127
(b) 7EPPR10K ¥4 4E I
A B NMGRCER X T

" PhotoMaker-
InstantIDE y75p7)

Visual

IP-Adapter-
A~
WAL N

FacelDR"

K13 NMRIRBISE S T3 E MRS H

IP-Adapter® StoryMaker!>!

© P EBEEG T

http:// Www. jos. org. cn



1872 BAE IR 2026 5 37 A5 4

X T EUGISARAT A O 1%, % 3 B T DisCo!*'!. MagicAnimate!*”). Animate Anyone®. Champ!*,
UniAnimate"”' Al Animate Anyone 24t 6 NJ5{%:7E TikTok benchmark ) 5E £ 5t Eb 45 5. BGIREh A AT AL ol 75 22
ORIV R, EAREWARARTE LT, iR 6 ANJ7TVELE 32 ML A il 2 /> T 24 64 GB M A7, S8R
1.2B i45, [FIFAE A100 2R L3285 Z100 4 min /245,

®3 EMBIKEN AL T AE TikTok #d4E g EXSH

i SSIM?t PSNR (dB)} LPIPS?t FVD|
DisCo™" 0.668 29.03 0.292 292.80
MagicAnimate™ 0.714 29.16 0.239 179.07
Animate Anyone”” 0.718 29.56 0.285 171.90
Champ™”! 0.802 29.91 0.234 160.82
UniAnimate!” 0.811 30.77 0.231 148.06
Animate Anyone 21*” 0.812 30.82 0.223 144.65

T ZMEERSHEINE BT HITBRZ5EM e BHn EEEERNE R 2 E5/E6 2 S &4, —&
K EPERT L 5 6. B 14 B TokenVerse®* i ConceptExpress®”'. Break-A-Scene””. DreamBooth!’!,
OMG' 1 TokenVerse® 7E 3 ML R ot b, $orbee 2o i ) 22 M B & I Sk s 3 Td@ e 28 41 & 10
7513 OMG 5% T4 N BG Hh 22 480 (1 88 135 MR SR A7 AE Bk, 17 1 2 B 44 75 1% ConceptExpress” il Break-A-
Scene™ I 7 41 T AR 45 7 T A7 AE B FE, Bl 14 T3S 1 AT B DLURGE 3 AT IR F. H R3S T DIT B R U vk
TokenVerse BUfE T B iF MR TERE B R/ANFI R AFIEFE T T, 5T 5 AN /5 VE# /2 2 T Stable Diffusion 47 i, 15
RIK/NA B 747, BAFIEHEAE 8-10 GB [, ifi TokenVerse 5K FH DiT B84, ALK /N A 12B Ao Aq, SAT7 94 FEHY
% 42 GB.

A RIE ConceptExpresst” Break-A-Scene’™s! DreamBooth™¥  DreamBooth!'*) OMG!* TokenVersel™®!

(b) A cat wearing a hat

lk\ﬁ ‘% Rm

(c) A man wearing a hat and glasses

14 ZHSAERSHETTENS

S T 2 M B VE T i g ik, & 4 F1El 15 71 H 3T BlobCtrl*h AnyDoor™®”). Magic Fixup'?. Gligen!”"
1 BlobCtrl'*“'7E BlobBench )& A1 PEXS LU 45 . W&l 15 from, 56T & 51 5 1 R A 7 7 Gligen! Bk &
L4\ 5, Magic Fixup! U 2% 55 A1 i 28 R~ AT 55 B 5k = 363 45 A 48 40, AnyDoor™®”! A1 BlobCtrl*#FEL /5 T
ANEE B R0 FERE R R /NI B AF W #E 5 1, AnyDoor Al Magic Fixup! 2 HISHRAE 1B £ 4, i BAF WA
8-10 GB. Gligen T FEGI N EMIE4, SHEME 1.1B £4, BAAWFEEE 11 GB /£44. i BlobCtrl*ff1 2%
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AT 5 AT ¥ #BRA g A AL B A R ki 1873

BAE 1.5B 245, M S AT FEAE 17 GB 47, AN R, (1T BlobCtrl Y RE s s3I i RORS M i e = & A A, A
RIS T e 17 (1) g AR

R4 SRR T B

- A5 % =i S R f Tﬁﬁf’zﬁ
CLIPf  DINO] _ CLIP}  DINOT _ CLIPf  DINOf _ CLIPf  DINOT  J#E (GB)
AnyDoor*” 0.867 0.812 0.854 0.817 0.817 0.802 0.833 0.837 10
Gligen'™ 0.707 0.578 0.712 0.624 0.684 0.606 0.782 0.694 12
Magic Fixup”™  0.805 0.786 0.846 0.824 0.842 0.801 0.837 0.852 8
BlobCtrl*®! 0.883 0.869 0.889 0.878 0.862 0.860 0.865 0.891 17

- @A

BlobCtr]t®!

oo

AnyDoor”!

Gligen"!

Magic Fixup!™!

@ 8 (b) 7 (© HE Rt (d) B
K15 W8 M v 5 gaiE )y 12:4E BlobBench #4E 4 e M5t b

W F B RARA 7%, 3£ 5 R 6 43 BI%F 5 TR A9 7 VE RN B FR AR BRI 28 i SV AT s T L, BE TR
777 61F% HR-VTONY LaDI-VTON"®, DCI-VTON"". Stable VITON"®, OOTDiffusion™”. IDM-VTON®!
H1 BooW-VTON™. B H4: i1 77140 4% StableGarment™! . Magic Clothing™. IMAGDressing®f1 AnyDressing™”.
16 %5 HY BooW-VTON it 3 TR 1) k2 AR A 5 92 1 RE MEXT EE, T &1 17 45 HE T AnyDressing™ 55t B
AT IR B PERTEE. 3T 16 RIS S BT L, HR-VTON 24T GAN (7572, BIRAE BUE R R (<200 ms),
{ERA R 2. HoAh 8 NN TP /OB AL (M 59%, LaDI-VTON 1 DCI-VTON ¥ 5 3 5= 1 A A iR
FHAE, A2 B B T i B2 AL M R IKAR AN 2 (A0 16 58 3 4T), B G EAE 3 s AT, BRI K/ NA 1B, RAFTHFE
/4y 7-8 GB. 1fij OOTDiffusion. IDM-VTON. BooW-VTON. Stable VITON ¥J1 F X{ U-Net, £ i 41 5 FF1iE £ B3 15
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SEAF, AEAH S BRI (N2 5 s o, BB/ 2 1.5B Jods, RAFTHARIEZE 16 GB Zid. X T8 17 R ixs
tb 45 3, Magic Clothing. StableGarment. IMAGDressing A1 AnyDressing #5%H X U-Net 2244, 1X 885 15 T
TR E2EEGE B — 2 B R RFRCR. 16 B 414 J7 T, AnyDressing B8 H 4R, HAh 7 A 7E 2 K IR & HAZE B, b
TR RSN, EIREIT ISR T 768x512 43 HFEE M.

RS FETRARAE R R T i5AE VITON Hdfide b 5E &t e

WARES SSIM? LPIPS? FID| HERE B AFHFE (GB)
HR-VITON'™ 0.883 0.115 9.70 5
LaDI-VTON!® 0.872 0.156 8.85 7
DCI-VTON"" 0.856 0.166 8.73 8
Stable VITON!® 0.885 0.133 6.52 10
OOTDiffusion™” 0.862 0.124 6.03 16

IDM-VTON®! 0.870 0.102 6.29 16
BooW-VTON!® 0.869 0.093 5.89 17

R 6 HT H AR E AT e B

WiRrS PAETE S CLIP-T?t CLIP-I1 CLIP-AS?T HEZL B AFTHFE (GB)
VITON-HD 0.285 0.583 5.781
[83]
StableGarment Dressing-Pair 0.284 0.556 5.735 8
. . VITON-HD 0.288 0.640 5.703
[85]
Magic Clothing Dressing-Pair 0.266 0.583 5.540 16
. VITON-HD 0.202 0.734 5.077
[84]
IMAGDressing Dressing-Pair 0.242 0.614 5.291 16
AmvDressing™ VITON-HD 0.289 0.741 5.881 6
Y & Dressing-Pair 0.296 0.734 5.874

(d) LaDI- (e) Stable (f) OOT- (g) IDM- (h) BooW-
VTON!7 VTON/ VITONUS! Diffusion®” VTON®! VTONE2

K16 TR A A RS IR T i2:4E VITON-HD £ 46 b g Mt L

(a) Mk
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. B E A SR p5E

“A girl, AL
“A girl,

- . « B “ ir « ir A girl,
’ red hair, ., girl, on 't? girl “A girl wi}:h \ﬁnglle]rl’ Si[{?ngg“(ln red hair, sky, ina
. , wearing a e SINg on a bag in the o »  wearing a 1
A st > 5 rass
XAAES  inthegym? by a the stage” pe orass classroom 5]1(%\}}; the £rass”™ i, by a fﬂf&i&f

Fence” Fence”

e
IMAGDressing!®¥ < ".: A

1 LN

- -
T ~ A
AnyDressing!*”! &

g ) _

(a) BIREERA (b) ZRIRAS

B 17 E A R R AR A T VR R T B
5 BEERFIREE

51 Bk &

(D) A

RS UGG A IR, Ui MEEES & R R G T IRE LA X — B Pk AR, 2 LA v R IR
O 1) MO0 ST g el k. AN AR T A R 00 BG4 13 SR AT 1) 528 BRG HR I SE AR &%, 49 s 2 AAR TR
LA BIREK; 2) LHKIE SGRAN. % BGIENGNBEIRN T 524 X0EE (S BT, 58
S AR A BT IE B G R T 3. AR T HARYE, Compositional inversion! " 78K B, AR L I 245 VTR A o
DoI3AR, 5 31 B BRI R AL T 20 AR AMX sk, 55—k 7 U0 2 B0 AT 2 TRl RN B 3 I W AR RN A kA, iE A ST
Fik 2 B P01 e s A AR 1 4 T 1) LA token, S BCHABAE SCRFAEBRIK.

ERXhiZ A, H AT R 2 R R, BIIHERR TR 5t R 1R 0T I SEOE ML AN 1 R A
SR AZ 15 R R T2 A e, A 0 24 e fAexd S B AR AR U0, 8% R o iRoRid 5 2% B th B R T B ARAE 1S
SCSBR UO AR B AR A A R AR 0L A e A, AR — AN R PR, T EL R R R SR A i B R
GUIE 2 A B A AL SE IR BE Hp 45 LS bR 2 0 fe i) BEA . R, 38 U1) 75 B —F0oa 20 S RO AT 58 1) VR4S 48
b, UMETESEBr )R A o SEBLSE )32 14 B 9 3R A5 58w 1 P i

(2) TEFRARCRE B 5 A A E ey T A A

A4 N B A R 2Rk AR R M SRR (R B SE I R OCREBE DI R G0 — 5 T B LA R LT BRI E
R, 55— J7 TR g R G R B 22 AL SOAR B G 588, AR, XA e SR A AR B0 5. B e BRI 2
SRABERL I I S /M EE B SR SRS A PR A S I 52 AR AN RCRRAE, CLFE A R SCER . FHOW 435 A S 4 T R AE . 1
FE I T 7 A B K IR T 288 0. T SRS 55 W B3R R GRS XA 525 R S i R G R 32
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BT, SRS Rl FEEZR KM S, X P A& M R A AT R B TN S5 R B R ). ik
UK 2] J5 T, JE TR 5 XA RS v 5, RN SR 2 AN TR A BRSO SR FR B A, S P i 7E I 5
A () A I S AR 25 5 7 AR T 00 30 IR A e AR () 26 BB 0. S SR s D IR, TR FT R R UL, S8R
F AR B E R, Perfusion! ™ 7 208 o 15 4k 3 8 /7 38R, 7ERFE 25 IR B WU 2 3R (EUR RO IR TE R 2 5t
RS SEEFERIE. Cao 25 A UBEH T WU ARAR AL A, Kt 2% 1 51 T3t T 43 B DA b ST ) £ B 38 300 08 R S A I I 3
8. BN T PR, B IN T B S A R, FLAE DAAG 3 B S B AR B A8 T

(3) 2L A A g

MRGTANEA AR 7 3 B T TR A, AR AR N TR RS S T I )58 A0 AR R, RLAE SEBR
B, F P AR TR AR 7 — R G R RS 2 A E RS M2 ST A A AR, SR TR R
) AR 2 R A R, 3 BUR S AR B A5 S MR P T R I A FEE T AR AL T ik, IR TR R 1)
TERC ARG — AN R A B B R RS &, )5 SR B G T AR AT, (R KK — 25 5y e i) FEAth 3g 1 2% 54 3L
. T H 58 X token 4 G772, FAR token [A] 125 )27, (H 21X 28 [ 58 X token (115 AR FT REAZETE MR
53, UL 400 5 ) 4 S s [ B 4L ek, 33 ol e 2 4 75K 2 tokeen X7 PO S DX 38 B B %), ] gt i
BC A3 B H 2 X token 12 ST SRR ANPEAL AR BRI — R BR AR, 1 8 B35 AT SO R AN A RS A A2 1) 1) A 45
FA P e s2 Bt B1E.

(4) B Z TH 1A AP AR B P B AR L)

FERESE DL 28 B B 5 TS I R AN AL S F, thin ey 5 40, 1 5 8 W R U A P I
BIEG WL & . 2 ORE 5 B HESE J7 [ IR B R B 9 J8 K, o Ayt 50 AT 1) 2 AR HE SR AN
N SCHEER, AT A X P P (R A AT AT A b, DAHESEE A R 2R PG O AR, E R PN PRI AR B 2 4
AL RBEE SR T P OB I R, R ORESR K B A i) I 5 7 75 SR, AR Rl AR RO AR 2B R.

(5) PR R A 2

R AR B 38AT, EIZ U AT S bRt 4b (IR B0 SE R0 5805 4 T VP48 R R 7 v M RE I Fe A A
2. A VAl 5 SRAFAE W B, o SR BRI CLIP ARBURE. 24T 2 SR B0 (o R YA vk R Bt T
CLIP BBARBLEE THE, (FOX PO VAR AE T B A 22 1) YA 2% BRI LA I, 22k PPl 70 3G 2) ToikX 43
B RIS SURAR B 3) 4R R ML M UB S B . B CLIP AHBLUEE A, oAt VAl 4 5 th 2 I B — 1K 1) ik
Z X AR T G ) AR A 2) AL R RIS OCBETR AR 3) X 2RSS AR T PRl AN S8 .

(6) 1EFERRL

AN B AR TR 4 B0 1) 5 28 AN P 25 B 1) TRT R, AR o 5 R 20 9 fe B R AN i XU, eI TE N
G AT, HAR BT G RIE A I L VR O BRIy Wi A 15 O S 1) 3k i BT () B0 3 kv ey ]
e, ROURI A A BEFA S 422, B W Rep T EUA RN . &RVERR S R G, st S EEER. AR
R ELST R T S S BRI, REA DT WA E ARG, TR R G B RIEEE
P T S M HE— 5 IR T ST E O TR . — 2803 TR A N B AL R 2E 1T 7T, Anti-DreamBooth!'””
BT — ANt R G061 LoRAPHI DreamBooth! 5 AN Ak Az jil. 33X 4B 18 22 9838 3ok % P 384 i fg e 75
B R EFRK T LoRAPHI DreamBooth! AN Ak A B . % T3 -4 A% 85 19 AAZAE BT 25, 140 InstantIDPY)
IP-Adapter”” fll PhotoMaker'””), IDProtector! "4 Hi T — ot} itk Mt 75 4 i) 8% 30 AT NAZ AR, "2 10 )5 V252 7 B U
T A6 33 R AR P AR B AR s LA S Rk il s . RNt H RTBSARL R AT TSR A 2, KSR 70 75 B2
IEBNAS ARG HESE, R BEIE B AR RS EY 1) PRI EAR, XRRTH R AN R R 37 5t T B AL CR 4 5 mT PR I 00 75 K.
5.2 Hzias

() By b A

WG —H R WD ARG R 0, N REIA KRR, 7T LR 3 AN4EEEEAT AR 1) ShaSRHET T
il: TR Re B AIR RIS T oK (PRE/QIR) B RETTOC, FERHESRIUZ 23 B @ AL . 2) B AL NSRS 4 B BR

© TEBREEEEIEDT  htp/ www. jos. org. cn



AT 5 AT I #ABER g A AL B A R ki 1877

PAGKERLEE 7, Je i S7 5B R I RHIE BE 2 Bl B a5 R QG MG RIBE ). 3) ZREASXT LL 2= 3] MR B A RN 25 (], AR
TIRE B ORI SCAAE BCS W w RHAE (8] PR L G 2R,

X B BIHT 77 A AR R AT B HE BN A AL 9 A R G R I S, 75RO B o 2 USSR B EE )2 1N
FH. MRTaE 7 B O R, (E R AR FE A 208 B EA, RN 7 AR T O 1 B 25 B8 0 BT T I P sk (497 dame £ N0
S0 (1) (R B S5O AR RS HRFAE ), 30K B SR SR LI — AN A AL

(2) i AR R

IRTANEA AR 7 3 BEAR T TR N, AN AT SO A AR AR RS A A . SRR SRR B
F AR, P A T s 2 A8 I S Al A 2 sk G b BUAR O R B 7T BSOSO A LA B ) AE AE B
BRI PR. BRIk, w55 e S e A S AN A AR i i, LERAIL T R 2 K I AR BBE ). [ T B IR0 R 4%
Hlobh, I THEERIURVETN G0 500 58 AHRLE AN PRS2 1, 55 P 7 BB A i 1 4% A e MR PR AN AT AR AR X
T L B2 1) 42 ] R T DR B A PEA AR R G 1) S AR AL, 6 2 T L QR 3 S5 P v 4 5 s i P2 oK. S
WX — Hbr, 75 B RAEIA T VETE IS ML 3 PR A G A8 0w 1 U7 T BB A, T 87 B R RF AT AR 5 B 2 LA,
XA SRR AN TR RE AR SR T ).

(3) FRAIF = 4 77 ) (4 /N P4 AR

UEAESR, MU = 4 Py 258 28 B AR R JE VA, — R B 871k U B R IR A M A R A I AT ) 1
. X AR AN EQIVETERE 7OBTER, R WAk 1R M EORBREL. 22 RGBT T, 75 B UL s it S 0
55 b b — B B 4 1) R, A5 4k A7 BT PR A i T E = 4 PN 2 A AT, T R A TR 2 A — B, X
SR AR R 2R 06 2L % i R AR FT R I = AR S5 M I RE ). AR SRATE L [0 — R SRS 22 4 IS M AL AR LB AR N
A G M ENAS N A 5 A A AR, XM e & BUA GUEF B, R IS se e s ST Mk vy
SR BIBAR M. (HAHE B IZ, S35 WA 7&E STE S = 4835 5010 25 10— BUH R O H AR S R B BT TE, %
BT T L P 450 28 DX 4 SR R 11 253 2R K X e Bk .

(4) 2 RS R A B[R] e

e N R 5 K R 48 3 BB T 2L TR R 77 (WHEFE R 41), (HILE WA A A HE DL SE 43 2 P 1
AT R, A AE B AR SRR TR &, B M T GRS P Rl 284 B R R FH A
FARGU FH T i RS AR, SRR I8 AR B AR S0 P 25 e 1) JR PR, SRR 2R -4 O I PR A, BRI
R AT LS ik 2 A E P B S A, A T IR e A A AR A T A R N A TRIE, AR Ry 2
180 5 2 S 45 AT S R R AR R AR AL X BI I LR AN B 2 BT A A K RS RS, IR BIE Sl R R A
TCIETR AL BT B ARTS, %7 A Py SR 2R B SR EX P b [ 358, 75 B A A A PN 25 1D o s )
A — B DR RR DA S SR i 937 85 4 AR Bk Ak

(5) BEBAS AR

B SCAS G AL, A A S AR B PR R A TE RG22 J0 b 7 M R R, IR EE 5 00 A 5 B Al it 4537 %
SR, 1615 B EG A AT, Sung-Bin 2 A U i B R AV AE A 10 55 5 925, I AL A5 J2 10 56 5 SRR 2
K, A RERR T PRI RS I B 6 SIS VA ) . 3k — 35 ML, Petermann 25 A\ MO I TR -8 S AR fHE R AE 4,
T e R e S - PR AR X B A R TR ) S - SR AR R AR I A B SRR B SR A S A, 1
W K MG BRI 5 S TU S B 75 RO AT AR il ZUIGA A3 P 3R s (1 IR B ix — B 2 5, WE R 1 B At 5 2k
B AR BE 4 R ). EMK FBAS 5 (EEG) 31 AR i T7 1a], B F38 Q33 el e o A A isi 45 -5 v RO R o 4 45 JEL 4 3
AL 1R . AR TAE“Guess what T think™!"* "B 37 #ii 5 5] N %4515, 3£ ControlNet 4 B AL HEAE SCH] EEG
ST HUBLZY (LDM) MRS, S ekl B 4s UG AR iR B 7 aT AT 5 . ot 51 528 ORI 9 i AL PR R
B, (HE BRI ST. Yang 2 N PR 0 A i - 005 X1 B 45 B ARSI T i A 55 AR Ao B3 B 1, 7 22 T
PERLZSAE S5 T IRAIE T HA 20k, il it 7558 T aUA il 1 R B9 58 1 A,

(6) HEAS LB BTG4 —

AR, AR RS R R e A0 i i) B B1E 5 AR B B 77 R 48— 07 Mgt £5 48 B BE R (W GPT) Bt

E]

© PEBEBPHIFST  hip:/www, jos. org. cn



1878 HAFFIR 2026 FF 37 AF 4 B

AR, BT PR SRR AR AR, AR B (g O IFAT AR A, 8 R S BRAE T RERE — Bk o
724 Transfusion! A1 Show-O' 2R 48 4 52 1034, A8 1 [T VA4 50U 5 G ASE, [m ) b HL B A 0 A AR 55
TE AT 55 HIAS [V NS R AR A, B AT TR FH SCAS S R 25 R0 A S 24 SOASRITEUR %5 L G 1 B9 5 tokeen, 30—
AR T G — BRI EA TR L token fE M ANALBE, B 243 T BUGAISCA S8 — AL BRI BOR. ARk, A2k
Rl et — PRGN ERE K, FE AT Pt RN R ) b SIS AR ST A

6 B £

KR RGLER TR TI WO A BB AR 5 72, T8 A S SCIR A G vH 45 0, MR ZE REOR B RO T
SEHUVILSE U AW T8 R, A0 B bn Al 1 45 6 FI P SR AR 8 B 5 SO HIE, SeBl M st i TP i i Ak
PG . A SO e BB AHEZZ 1T, BT 1 7 OB O B B 5 A A BRAOAR 55 78 3, 38 R AR o R b
IR SO AN PEAL A P B G —3E 2. LR, B0 2 T 70 I B 3= 1 1) 20 R R FE IR Ea 3, AR ST 3 %
KI7 TR LS Hr: 1) B AR BT T, A SN 1 AR SRE 22 2 NARBREN 2 > LU BUR IR B AL A
BIX 3 ASFARSS, BUA il i Bt S SRR LA SOR, B 3RT T ERMERAE R B (k. A&
SEANTHE ), 2) MR ARSI, AN E MRS A E . 2B R AT g AN 2 S R A A K
X3 UM AT ORI, IR AR AR TS 10TE SO SR S Bk, I Sy B R BEE AR
ETBUR R T 2 EARREE KR SR R L A SCHE— P RS T R EUR SR R RR, IS EE T A RIDTE R AR R A,
NS IR T HRNES . Fa, ASCREH A HT MEAC A RO VE I E RO BRAR, JFEE T 045 1 AR AT REFI B 7T
T3 ). ASCHIERR AW S SR T RS EOR L ) B A, A S MR BB RE ZRBIE . LR
KA ST, et A ro R U T R R A .

References

[1]  Goodfellow 1J, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D, Ozair S, Courville A, Bengio Y. Generative adversarial nets. In:
Proc. of the 28th Int’l Conf. on Neural Information Processing Systems. Montreal: MIT Press, 2014. 2672-2680.

[2] Rombach R, Blattmann A, Lorenz D, Esser P, Ommer B. High-resolution image synthesis with latent diffusion models. In: Proc. of the
2022 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. New Orleans: IEEE, 2022. 10674-10685. [doi: 10.1109/CVPR
52688.2022.01042]

[3] Zhu JY, Krdhenbiihl P, Shechtman E, Efros AA. Generative visual manipulation on the natural image manifold. In: Proc. of the 14th
European Conf. on Computer Vision. Amsterdam: Springer, 2016. 597-613. [doi: 10.1007/978-3-319-46454-1 36]

[4] Richardson E, Alaluf Y, Patashnik O, Nitzan Y, Azar Y, Shapiro S, Cohen-Or D. Encoding in style: A StyleGAN encoder for image-to-
image translation. In: Proc. of the 2021 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2021.
2287-2296. [doi: 10.1109/CVPR46437.2021.00232]

[5] Tov O, Alaluf Y, Nitzan Y, Patashnik O, Cohen-Or D. Designing an encoder for StyleGAN image manipulation. ACM Trans. on
Graphics, 2021, 40(4): 133. [doi: 10.1145/3450626.3459838]

[6] LiuM, Wei YX, Wu XH, Zuo WM, Zhang L. Survey on leveraging pre-trained generative adversarial networks for image editing and
restoration. Science China Information Sciences, 2023, 66(5): 151101. [doi: 10.1007/s11432-022-3679-0]

[7]  Sohl-Dickstein J, Weiss EA, Maheswaranathan N, Ganguli S. Deep unsupervised learning using nonequilibrium thermodynamics. In:
Proc. of the 32nd Int’l Conf. on Machine Learning. Lille: PMLR, 2015. 2256-2265.

[8] Ho J, Jain A, Abbeel P. Denoising diffusion probabilistic models. In: Proc. of the 34th Int’l Conf. on Neural Information Processing
Systems. Vancouver: Curran Associates Inc., 2020. 574.

[9] Song J, Meng CL, Ermon S. Denoising diffusion implicit models. In: Proc. of the 9th Int’l Conf. on Learning Representations.
OpenReview.net, 2021. 1-20.

[10] Zhang LM, Rao AY, Agrawala M. Adding conditional control to text-to-image diffusion models. In: Proc. of the 2023 IEEE/CVF Int’l
Conf. on Computer Vision. Paris: IEEE, 2023. 3813-3824. [doi: 10.1109/ICCV51070.2023.00355]

[11]  Zuo R, Hu HX, Deng XM, Ma CX, Wang HA. Survey on deep learning methods for freehand-sketch-based visual content generation.
Ruan Jian Xue Bao/Journal of Software, 2024, 35(7): 3497-3530 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/
7053.htm [doi: 10.13328/j.cnki.jos.007053]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/CVPR52688.2022.01042
https://doi.org/10.1109/CVPR52688.2022.01042
https://doi.org/10.1007/978-3-319-46454-1_36
https://doi.org/10.1007/978-3-319-46454-1_36
https://doi.org/10.1007/978-3-319-46454-1_36
https://doi.org/10.1007/978-3-319-46454-1_36
https://doi.org/10.1007/978-3-319-46454-1_36
https://doi.org/10.1007/978-3-319-46454-1_36
https://doi.org/10.1007/978-3-319-46454-1_36
https://doi.org/10.1007/978-3-319-46454-1_36
https://doi.org/10.1007/978-3-319-46454-1_36
https://doi.org/10.1109/CVPR46437.2021.00232
https://doi.org/10.1145/3450626.3459838
https://doi.org/10.1007/s11432-022-3679-0
https://doi.org/10.1007/s11432-022-3679-0
https://doi.org/10.1007/s11432-022-3679-0
https://doi.org/10.1007/s11432-022-3679-0
https://doi.org/10.1007/s11432-022-3679-0
https://doi.org/10.1007/s11432-022-3679-0
https://doi.org/10.1007/s11432-022-3679-0
https://doi.org/10.1109/ICCV51070.2023.00355
http://www.jos.org.cn/1000-9825/7053.htm
http://www.jos.org.cn/1000-9825/7053.htm
http://www.jos.org.cn/1000-9825/7053.htm
http://www.jos.org.cn/1000-9825/7053.htm
https://doi.org/10.13328/j.cnki.jos.007053

AT 5 AT ¥ #BRA A AL B A R ki 1879

[12]  Yu K, Bin Y, Zheng ZQ, Yang Y. Text-to-image generation with conditional semantic augmentation. Ruan Jian Xue Bao/Journal of
Software, 2024, 35(5): 2150-2164 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/7024.htm [doi: 10.13328/j.cnki.
j0s.007024]

[13] Ruiz N, Li YZ, Jampani V, Pritch Y, Rubinstein M, Aberman K. DreamBooth: Fine tuning text-to-image diffusion models for subject-
driven generation. In: Proc. of the 2023 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Vancouver: IEEE, 2023.
22500-22510. [doi: 10.1109/CVPR52729.2023.02155]

[14] Gal R, Alaluf Y, Atzmon Y, Patashnik O, Bermano AH, Chechik G, Cohen-Or D. An image is worth one word: Personalizing text-to-
image generation using textual inversion. In: Proc. of the 11th Int’l Conf. on Learning Representations. Kigali: OpenReview.net, 2023.
1-31.

[15] Chen H, Zhang YP, Wu SM, Wang X, Duan XG, Zhou YW, Zhu WW. DisenBooth: Identity-preserving disentangled tuning for subject-
driven text-to-image generation. In: Proc. of the 12th Int’l Conf. on Learning Representations. Vienna: OpenReview.net, 2024. 1-23.

[16] Radford A, Kim JW, Hallacy C, Ramesh A, Goh G, Agarwal S, Sastry G, Askell A, Mishkin P, Clark J, Krueger G, Sutskever 1.
Learning transferable visual models from natural language supervision. In: Proc. of the 38th Int’l Conf. on Machine Learning. Kigali:
PMLR, 2021. 8748-8763.

[17] Li JN, Li DX, Xiong CM, Hoi S. BLIP: Bootstrapping language-image pre-training for unified vision-language understanding and
generation. In: Proc. of the 39th Int’l Conf. on Machine Learning. Baltimore: PMLR, 2022. 12888-12900.

[18] Wei YX, Zhang YB, Ji ZL, Bai JF, Zhang L, Zuo WM. ELITE: Encoding visual concepts into textual embeddings for customized text-to-
image generation. In: Proc. of the 2023 IEEE/CVF Int’l Conf. on Computer Vision. Paris: IEEE, 2023. 15897-15907. [doi: 10.1109/
ICCV51070.2023.01461]

[19] Li DX, Li JN, Hoi SCH. BLIP-Diffusion: Pre-trained subject representation for controllable text-to-image generation and editing. In:
Proc. of the 37th Int’l Conf. on Neural Information Processing Systems. New Orleans: Curran Associates Inc., 2023. 1312.

[20] Ye H, Zhang J, Liu SB, Han X, Yang W. IP-Adapter: Text compatible image prompt adapter for text-to-image diffusion models. arXiv:
2308.06721, 2023.

[21]  ShiJ, Xiong W, Lin Z, Jung HJ. InstantBooth: Personalized text-to-image generation without test-time finetuning. In: Proc. of the 2024
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2024. 8543-8552. [doi: 10.1109/CVPR52733.2024.
00816]

[22] MaJ, Liang JH, Chen C, Lu HN. Subject-Diffusion: Open domain personalized text-to-image generation without test-time fine-tuning.
In: Proc. of the 2024 ACM SIGGRAPH Conf. Denver: ACM, 2024. 25. [doi: 10.1145/3641519.3657469]

[23] Jia XH, Zhao Y, Chan KCK, Li YD, Zhang H, Gong BQ, Hou TB, Wang HS, Su YC. Taming encoder for zero fine-tuning image
customization with text-to-image diffusion models. arXiv:2304.02642, 2023.

[24] Xiao ST, Wang YZ, Zhou JJ, Yuan HY, Xing XR, Yan RR, Liu Z. OmniGen: Unified image generation. In: Proc. of the 2025
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2025. 13294-13304. [doi: 10.1109/CVPR52734.2025.
01241]

[25] Chen X, Zhang ZF, Zhang H, Zhou YQ, Kim SY, Liu Q, Li YJ, Zhang JM, Zhao NX, Wang YL, Ding H, Lin Z, Zhao HS. UniReal:
Universal image generation and editing via learning real-world dynamics. In: Proc. of the 2025 IEEE/CVF Conf. on Computer Vision
and Pattern Recognition. Nashville: IEEE, 2025. 12501-12511. [doi: 10.1109/CVPR52734.2025.01166]

[26] Zhang SL, Huang LH, Chen X, Zhang YF, Wu ZF, Feng YT, Wang W, Shen YJ, Liu Y, Luo P. FlashFace: Human image
personalization with high-fidelity identity preservation. arXiv:2403.17008, 2024.

[27] LiZ, Cao MD, Wang XT, Qi Z, Cheng MM, Shan Y. PhotoMaker: Customizing realistic human photos via stacked ID embedding. In:
Proc. of the 2024 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2024. 8640-8650. [doi: 10.1109/
CVPR52733.2024.00825]

[28] Deng JK, Guo J, Xue NN, Zafeiriou S. ArcFace: Additive angular margin loss for deep face recognition. In: Proc. of the 2019
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Long Beach: IEEE, 2019. 4685-4694. [doi: 10.1109/CVPR.2019.00482]

[29] Hu EJ, Shen YL, Wallis P, Allen-Zhu Z, Li YZ, Wang SA, Wang L, Chen WZ. LoRA: Low-rank adaptation of large language models.
In: Proc. of the 10th Int’l Conf. on Learning Representations. OpenReview.net, 2022. 1-13.

[30] Wang QX, Bai X, Wang HF, Qin ZK, Chen A, Li HX, Tang X, Hu Y. InstantID: Zero-shot identity-preserving generation in seconds.
arXiv:2401.07519, 2024.

[31] Peng X, Zhu JW, Jiang BY, Tai Y, Luo DH, Zhang J, Lin W, Jin TS, Wang CJ, Ji RR. PortraitBooth: A versatile portrait model for fast
identity-preserved personalization. In: Proc. of the 2024 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE,
2024.27070-27080. [doi: 10.1109/CVPR52733.2024.02557]

© TEBREEEEIEDT  htp/ www. jos. org. cn


http://www.jos.org.cn/1000-9825/7024.htm
http://www.jos.org.cn/1000-9825/7024.htm
http://www.jos.org.cn/1000-9825/7024.htm
https://doi.org/10.13328/j.cnki.jos.007024
https://doi.org/10.13328/j.cnki.jos.007024
https://doi.org/10.1109/CVPR52729.2023.02155
https://doi.org/10.1109/ICCV51070.2023.01461
https://doi.org/10.1109/ICCV51070.2023.01461
https://doi.org/10.1109/CVPR52733.2024.00816
https://doi.org/10.1109/CVPR52733.2024.00816
https://doi.org/10.1145/3641519.3657469
https://doi.org/10.1109/CVPR52734.2025.01241
https://doi.org/10.1109/CVPR52734.2025.01241
https://doi.org/10.1109/CVPR52734.2025.01166
https://doi.org/10.1109/CVPR52733.2024.00825
https://doi.org/10.1109/CVPR52733.2024.00825
https://doi.org/10.1109/CVPR.2019.00482
https://doi.org/10.1109/CVPR52733.2024.02557

1880 HAFFIR 2026 FF 37 AF 4 B

[32] Wei ZC, Su QK, Qin L, Wang WZ. MM-Diff: High-fidelity image personalization via multi-modal condition integration. arXiv:2403.
15059, 2024.

[33] HelJJ, Geng YF, Bo LF. UniPortrait: A unified framework for identity-preserving single-and multi-human image personalization. arXiv:
2408.05939, 2024.

[34] Xiao GX, Yin TW, Freeman WT, Durand F, Han S. FastComposer: Tuning-free multi-subject image generation with localized attention.
Int’l Journal of Computer Vision, 2025, 133(3): 1175-1194. [doi: 10.1007/s11263-024-02227-z]

[35] Zhou ZG, Li J, Li HX, Chen N, Tang X. StoryMaker: Towards holistic consistent characters in text-to-image generation. arXiv:
2409.12576, 2024.

[36] Zhao J, Zheng HL, Wang CY, Lan L, Huang WR, Tang YH. MagicNaming: Consistent identity generation by finding a “name space” in
T21 diffusion models. In: Proc. of the 39th AAAI Conf. on Artificial Intelligence. Philadelphia: AAAI Press, 2024. 10439-10447. [doi:
10.1609/aaai.v39i10.33133]

[37] NamJ, Son S, Xu Z, Shi J, Liu DF, Liu F, Kim K, Zhou Y. Visual Persona: Foundation model for full-body human customization. In:
Proc. of the 2025 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2025. 18630-18641. [doi: 10.1109/
CVPR52734.2025.01736]

[38] Li H. Animate Anyone: Consistent and controllable image-to-video synthesis for character animation. In: Proc. of the 2024 IEEE/CVF
Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2024. 8153-8163. [doi: 10.1109/CVPR52733.2024.00779]

[39] Zhang Y, Gu JX, Wang LW, Wang H, Cheng JQ, Zhu YF, Zou FY. MimicMotion: High-quality human motion video generation with
confidence-aware pose guidance. arXiv:2406.19680, 2024.

[40] Wang X, Zhang SW, Gao CX, Wang JY, Zhou XQ, Zhang YY, Yan LX, Sang N. UniAnimate: Taming unified video diffusion models
for consistent human image animation. arXiv:2406.01188, 2024.

[41] Wang T, Li LJ, Lin K, Zhai YH, Lin CC, Yang ZY, Zhang HW, Liu ZC, Wang LJ. DisCo: Disentangled control for realistic human
dance generation. In: Proc. of the 2024 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2024. 9326-9336.
[doi: 10.1109/CVPR52733.2024.00891]

[42] Xu ZC, Zhang JF, Liew JH, Yan HS, Liu JW, Zhang CX, Feng JS, Shou MZ. MagicAnimate: Temporally consistent human image
animation using diffusion model. In: Proc. of the 2024 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE,
2024. 1481-1490. [doi: 10.1109/CVPR52733.2024.00147]

[43] Zhu SH, Chen JL, Dai ZZ, Dong ZL, Xu YH, Cao X, Yao Y, Zhu H, Zhu SY. Champ: Controllable and consistent human image
animation with 3D parametric guidance. In: Proc. of the 18th European Conf. on Computer Vision. Milan: Springer, 2024. 145-162.
[doi: 10.1007/978-3-031-73001-6 9]

[44] Parihar R, Gupta H, Vs S, Babu RV. Text2Place: Affordance-aware text guided human placement. In: Proc. of the 18th European Conf.
on Computer Vision. Milan: Springer, 2024. 57-77. [doi: 10.1007/978-3-031-72646-0 4]

[45] Saini N, Bodla N, Shrivastava A, Ravichandran A, Zhang X, Shrivastava A, Singh B. InVi: Object insertion in videos using off-the-shelf
diffusion models. arXiv:2407.10958, 2024.

[46] Qiu D, Chen ZY, Wang R, Fan MY, Yu CQ, Huang JS, Wen X. MovieCharacter: A tuning-free framework for controllable character
video synthesis. arXiv:2410.20974, 2024.

[47] Xu ZY, Huang ZY, Cao J, Zhang Y, Cun XD, Shuai Q, Wang YC, Bao LC, Li JT, Tang F. AnchorCrafter: Animate cyber-anchors
selling your products via human-object interacting video generation. arXiv:2411.17383, 2024.

[48] Men YF, Yao Y, Cui MM, Bo LF. MIMO: Controllable character video synthesis with spatial decomposed modeling. In: Proc. of the
2025 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2025. 21181-21191. [doi: 10.1109/CVPR52734.
2025.01973]

[49] Hu L, Wang GY, Shen Z, Gao X, Meng DC, Zhuo L, Zhang P, Zhang B, Bo LF. Animate Anyone 2: High-fidelity character image
animation with environment affordance. arXiv:2502.06145, 2025.

[50] Wang ZX, Yuan ZY, Wang XT, Li YW, Chen TS, Xia MH, Luo P, Shan Y. MotionCtrl: A unified and flexible motion controller for
video generation. In: Proc. of the 2024 ACM SIGGRAPH Conf. Denver: ACM, 2024. 114. [doi: 10.1145/3641519.3657518]

[51] He H, Xu YH, Guo YW, Wetzstein G, Dai B, Li HS, Yang CY. CameraCtrl: Enabling camera control for text-to-video generation.
arXiv:2404.02101, 2024.

[52] Shi XY, Huang ZY, Wang FY, Bian WK, Li DS, Zhang Y, Zhang MY, Cheung KC, See S, Qin HW, Dai JF, Li HS. Motion-I2V:
Consistent and controllable image-to-video generation with explicit motion modeling. In: Proc. of the 2024 ACM SIGGRAPH Conf.
Denver: ACM, 2024. 111. [doi: 10.1145/3641519.3657497]

[53] Niu MY, Cun XD, Wang XT, Zhang Y, Shan Y, Zheng YQ. MOFA-Video: Controllable image animation via generative motion field

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1007/s11263-024-02227-z
https://doi.org/10.1007/s11263-024-02227-z
https://doi.org/10.1007/s11263-024-02227-z
https://doi.org/10.1007/s11263-024-02227-z
https://doi.org/10.1007/s11263-024-02227-z
https://doi.org/10.1007/s11263-024-02227-z
https://doi.org/10.1007/s11263-024-02227-z
https://doi.org/10.1609/aaai.v39i10.33133
https://doi.org/10.1109/CVPR52734.2025.01736
https://doi.org/10.1109/CVPR52734.2025.01736
https://doi.org/10.1109/CVPR52733.2024.00779
https://doi.org/10.1109/CVPR52733.2024.00891
https://doi.org/10.1109/CVPR52733.2024.00147
https://doi.org/10.1007/978-3-031-73001-6_9
https://doi.org/10.1007/978-3-031-73001-6_9
https://doi.org/10.1007/978-3-031-73001-6_9
https://doi.org/10.1007/978-3-031-73001-6_9
https://doi.org/10.1007/978-3-031-73001-6_9
https://doi.org/10.1007/978-3-031-73001-6_9
https://doi.org/10.1007/978-3-031-73001-6_9
https://doi.org/10.1007/978-3-031-73001-6_9
https://doi.org/10.1007/978-3-031-73001-6_9
https://doi.org/10.1007/978-3-031-72646-0_4
https://doi.org/10.1007/978-3-031-72646-0_4
https://doi.org/10.1007/978-3-031-72646-0_4
https://doi.org/10.1007/978-3-031-72646-0_4
https://doi.org/10.1007/978-3-031-72646-0_4
https://doi.org/10.1007/978-3-031-72646-0_4
https://doi.org/10.1007/978-3-031-72646-0_4
https://doi.org/10.1007/978-3-031-72646-0_4
https://doi.org/10.1007/978-3-031-72646-0_4
https://doi.org/10.1109/CVPR52734.2025.01973
https://doi.org/10.1109/CVPR52734.2025.01973
https://doi.org/10.1145/3641519.3657518
https://doi.org/10.1145/3641519.3657497

AT 5 AT I #ABRA g A AL B A R ki 1881

adaptions in frozen image-to-video diffusion model. In: Proc. of the 18th European Conf. on Computer Vision. Milan: Springer, 2024.
111-128. [doi: 10.1007/978-3-031-72655-2_7]

[54] Dai ZZ, Zhang ZH, Yao Y, Qiu BX, Zhu SY, Qin L, Wang WZ. AnimateAnything: Fine-grained open domain image animation with
motion guidance. arXiv:2311.12886, 2023.

[55] Avrahami O, Aberman K, Fried O, Cohen-Or D, Lischinski D. Break-A-Scene: Extracting multiple concepts from a single image. In:
Proc. of the 2024 SIGGRAPH Asia Conf. Sydney: ACM, 2023. 96. [doi: 10.1145/3610548.3618154]

[56] Vinker Y, Voynov A, Cohen-Or D, Shamir A. Concept decomposition for visual exploration and inspiration. ACM Trans. on Graphics,
2023, 42(6): 1-13. [doi: 10.1145/3618315]

[57] Hao SZ, Han K, Lv ZY, Zhao SH, Wong KYK. ConceptExpress: Harnessing diffusion models for single-image unsupervised concept
extraction. In: Proc. of the 18th European Conf. on Computer Vision. Milan: Springer, 2024. 215-233. [doi: 10.1007/978-3-031-73202-
7_13]

[58] Garibi D, Yadin S, Paiss R, Tov O, Zada S, Ephrat A, Michaeli T, Mosseri I, Dekel T. TokenVerse: Versatile multi-concept
personalization in token modulation space. ACM Trans. on Graphics, 2025, 44(4): 41.

[59] Peebles W, Xie SN. Scalable diffusion models with Transformers. In: Proc. of the 2023 IEEE/CVF Int’l Conf. on Computer Vision.
Paris: IEEE, 2023. 4172-4182. [doi: 10.1109/ICCV51070.2023.00387]

[60] Hu TH, Li LX, van de Weijer J, Gao HC, Shahbaz Khan F, Yang J, Cheng MM, Wang K, Wang YX. Token merging for training-free
semantic binding in text-to-image synthesis. In: Proc. of the 38th Int’l Conf. on Neural Information Processing Systems. Vancouver:
Curran Associates Inc., 2024. 4372.

[61] Yang Y, Wang W, Peng L, Song CT, Chen Y, Li HJ, Yang XL, Lu QL, Cai D, Wu BX, Liu W. LoRA-composer: Leveraging low-rank
adaptation for multi-concept customization in training-free diffusion models. arXiv:2403.11627, 2024.

[62] Kong Z, Zhang Y, Yang TY, Wang T, Zhang KH, Wu BZ, Chen GY, Liu W, Luo WH. OMG: Occlusion-friendly personalized multi-
concept generation in diffusion models. In: Proc. of the 18th European Conf. on Computer Vision. Milan: Springer, 2024. 253-270. [doi:
10.1007/978-3-031-72751-1_15]

[63] GuYC, Wang XT, Wu JZ, Shi YJ, Chen YP, Fan ZH, Xiao WY, Zhao R, Chang SN, Wu WJ, Ge YX, Shan Y, Shou MZ. Mix-of-Show:
Decentralized low-rank adaptation for multi-concept customization of diffusion models. In: Proc. of the 37th Conf. on Neural
Information Processing Systems. New Orleans: Curran Associates Inc., 2023. 699.

[64] Po R, Yang GD, Aberman K, Wetzstein G. Orthogonal adaptation for modular customization of diffusion models. In: Proc. of the 2024
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2024. 7964-7973. [doi: 10.1109/CVPR52733.2024.
00761]

[65] Shah V, Ruiz N, Cole F, Lu E, Lazebnik S, Li YZ, Jampani V. ZipLoRA: Any subject in any style by effectively merging LoRAs. In:
Proc. of the 18th European Conf. on Computer Vision. Milan: Springer, 2024. 422-438. [doi: 10.1007/978-3-031-73232-4 24]

[66] Li YW, Li LG, Zhang ZY, Li XY, Wang GZ, Li HX, Cun XD, Shan Y, Zou YX. BlobCtrl: A unified and flexible framework for
element-level image generation and editing. arXiv:2503.13434, 2025.

[67] Chen X, Huang LH, Liu Y, Shen YJ, Zhao DL, Zhao HS. AnyDoor: Zero-shot object-level image customization. In: Proc. of the 2024
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2024. 6593-6602. [doi: 10.1109/CVPR52733.2024.
00630]

[68] Caron M, Touvron H, Misra I, Jégou H, Mairal J, Bojanowski P, Joulin A. Emerging properties in self-supervised vision Transformers.
In: Proc. of the 2021 IEEE/CVF Int’l Conf. on Computer Vision. Montreal: IEEE, 2021. 9630-9640. [doi: 10.1109/ICCV48922.2021.
00951]

[69] Mou C, Wang XT, Song JC, Shan Y, Zhang J. DragonDiffusion: Enabling drag-style manipulation on diffusion models. In: Proc. of the
12th Int’l Conf. on Learning Representations. Vienna: OpenReview.net, 2024. 1-12.

[70] Zhang ZY, Huang ZT, Liao J. Continuous layout editing of single images with diffusion models. Computer Graphics Forum, 2023,
42(7): €14966. [doi: 10.1111/cgf.14966]

[711 Li YH, Liu HT, Wu QY, Mu FZ, Yang JW, Gao JF, Li CY, Lee YJ. Gligen: Open-set grounded text-to-image generation. In: Proc. of
the 2023 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Vancouver: IEEE, 2023. 22511-22521. [doi: 10.1109/CVPR
52729.2023.02156]

[72]  Alzayer H, Xia ZH, Zhang X, Shechtman E, Huang JB, Gharbi M. Magic Fixup: Streamlining photo editing by watching dynamic
videos. arXiv:2403.13044, 2024.

[73] Wang XR, Fu SM, Huang QH, He WG, Jiang H. MS-Diffusion: Multi-subject zero-shot image personalization with layout guidance. In:
Proc. of the 13th Int’l Conf. on Learning Representations. Singapore: OpenReview.net, 2025. 1-29.

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1007/978-3-031-72655-2_7
https://doi.org/10.1007/978-3-031-72655-2_7
https://doi.org/10.1007/978-3-031-72655-2_7
https://doi.org/10.1007/978-3-031-72655-2_7
https://doi.org/10.1007/978-3-031-72655-2_7
https://doi.org/10.1007/978-3-031-72655-2_7
https://doi.org/10.1007/978-3-031-72655-2_7
https://doi.org/10.1007/978-3-031-72655-2_7
https://doi.org/10.1007/978-3-031-72655-2_7
https://doi.org/10.1145/3610548.3618154
https://doi.org/10.1145/3618315
https://doi.org/10.1007/978-3-031-73202-7_13
https://doi.org/10.1007/978-3-031-73202-7_13
https://doi.org/10.1007/978-3-031-73202-7_13
https://doi.org/10.1007/978-3-031-73202-7_13
https://doi.org/10.1007/978-3-031-73202-7_13
https://doi.org/10.1007/978-3-031-73202-7_13
https://doi.org/10.1007/978-3-031-73202-7_13
https://doi.org/10.1007/978-3-031-73202-7_13
https://doi.org/10.1007/978-3-031-73202-7_13
https://doi.org/10.1109/ICCV51070.2023.00387
https://doi.org/10.1007/978-3-031-72751-1_15
https://doi.org/10.1007/978-3-031-72751-1_15
https://doi.org/10.1007/978-3-031-72751-1_15
https://doi.org/10.1007/978-3-031-72751-1_15
https://doi.org/10.1007/978-3-031-72751-1_15
https://doi.org/10.1007/978-3-031-72751-1_15
https://doi.org/10.1007/978-3-031-72751-1_15
https://doi.org/10.1007/978-3-031-72751-1_15
https://doi.org/10.1007/978-3-031-72751-1_15
https://doi.org/10.1109/CVPR52733.2024.00761
https://doi.org/10.1109/CVPR52733.2024.00761
https://doi.org/10.1007/978-3-031-73232-4_24
https://doi.org/10.1007/978-3-031-73232-4_24
https://doi.org/10.1007/978-3-031-73232-4_24
https://doi.org/10.1007/978-3-031-73232-4_24
https://doi.org/10.1007/978-3-031-73232-4_24
https://doi.org/10.1007/978-3-031-73232-4_24
https://doi.org/10.1007/978-3-031-73232-4_24
https://doi.org/10.1007/978-3-031-73232-4_24
https://doi.org/10.1007/978-3-031-73232-4_24
https://doi.org/10.1109/CVPR52733.2024.00630
https://doi.org/10.1109/CVPR52733.2024.00630
https://doi.org/10.1109/ICCV48922.2021.00951
https://doi.org/10.1109/ICCV48922.2021.00951
https://doi.org/10.1111/cgf.14966
https://doi.org/10.1109/CVPR52729.2023.02156
https://doi.org/10.1109/CVPR52729.2023.02156

1882 HAFFIR 2026 FF 37 AF 4 B

[74] Mu JT, Gharbi M, Zhang R, Shechtman E, Vasconcelos N, Wang XL, Park T. Editable image elements for controllable synthesis. In:
Proc. of the 18th European Conf. on Computer Vision. Milan: Springer, 2024. 39-56. [doi: 10.1007/978-3-031-72627-9 3]

[75]1 Lee S, Gu G, Park S, Choi S, Choo J. High-resolution virtual try-on with misalignment and occlusion-handled conditions. In: Proc. of
the 17th European Conf. on Computer Vision. Milan: Springer, 2022. 204-219. [doi: 10.1007/978-3-031-19790-1_13]

[76] Morelli D, Baldrati A, Cartella G, Cornia M, Bertini M, Cucchiara R. LaDI-VTON: Latent diffusion textual-inversion enhanced virtual
try-on. In: Proc. of the 31st ACM Int’l Conf. on Multimedia. Ottawa: ACM, 2023. 8580-8589. [doi: 10.1145/3581783.3612137]

[771 Gou JH, Sun SY, Zhang JF, Si JL, Qian C, Zhang LQ. Taming the power of diffusion models for high-quality virtual try-on with
appearance flow. In: Proc. of the 31st ACM Int’l Conf. on Multimedia. Ottawa: ACM, 2023. 7599-7607. [doi: 10.1145/3581783.
3612255]

[78] Kim]J, Gu G, Park M, Park S, Choo J. Stable VITON: Learning semantic correspondence with latent diffusion model for virtual try-on.
In: Proc. of the 2024 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2024. 8176-8185. [doi: 10.1109/
CVPR52733.2024.00781]

[79] ZhuLY, Yang DW, Zhu T, Reda F, Chan W, Saharia C, Norouzi M, Kemelmacher-Shlizerman I. TryOnDiffusion: A tale of two UNets.
In: Proc. of the 2023 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Vancouver: IEEE, 2023. 4606—4615. [doi: 10.1109/
CVPR52729.2023.00447]

[80] Xu YH, Gu T, Chen WF, Chen A. OOTDiffusion: Outfitting fusion based latent diffusion for controllable virtual try-on. In: Proc. of the
39th AAAI Conf. on Artificial Intelligence. Philadelphia: AAAI Press, 2025. 8996-9004. [doi: 10.1609/aaai.v39i9.32973]

[81] Choi Y, Kwak S, Lee K, Choi H, Shin J. Improving diffusion models for authentic virtual try-on in the wild. In: Proc. of the 18th
European Conf. on Computer Vision. Milan: Springer, 2024. 206—235. [doi: 10.1007/978-3-031-73016-0_13]

[82] Zhang XP, Song D, Zhan PX, Chang TY, Zeng JH, Chen QG, Luo WH, Liu AA. BooW-VTON: Boosting in-the-wild virtual try-on via
mask-free pseudo data training. In: Proc. of the 2025 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE,
2025. 26399-26408. [doi: 10.1109/CVPR52734.2025.02458]

[83] Wang R, Guo HL, Liu JM, Li HX, Zhao HB, Tang X, Hu Y, Tang H, Li PP. StableGarment: Garment-centric generation via stable
diffusion. arXiv:2403.10783, 2024.

[84] ShenF, Jiang X, He X, Ye H, Wang C, Du XY, Li ZC, Tang JH. IMAGDressing-v1: Customizable virtual dressing. In: Proc. of the 39th
AAAI Conf. on Artificial Intelligence. Philadelphia: AAAI Press, 2025. 6795-6804. [doi: 10.1609/aaai.v39i7.32729]

[85] Chen WF, Gu T, Xu YH, Chen A. Magic Clothing: Controllable garment-driven image synthesis. In: Proc. of the 32nd ACM Int’l Conf.
on Multimedia. Melbourne: ACM, 2024. 6939—-6948. [doi: 10.1145/3664647.3680691]

[86] Lin ET, Zhang XJ, Zhao FW, Luo YX, Dong X, Zeng L, Liang XD. DreamFit: Garment-centric human generation via a lightweight
anything-dressing encoder. In: Proc. of the 2025 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2025.
23723-23733. [doi: 10.1109/CVPR52734.2025.02209]

[87] LiXH, Sun QC, Zhang PZ, Ye FL, Liao ZC, Feng WQ, Zhao ST, He Q. AnyDressing: Customizable multi-garment virtual dressing via
latent diffusion models. In: Proc. of the 39th AAAI Conf. on Artificial Intelligence. Philadelphia: AAAI Press, 2025. 5218-5226. [doi:
10.1609/aaai.v39i5.32554]

[88] PengY, Cui YX, Tang HM, Qi ZK, Dong RP, Bai J, Han CR, Ge Z, Zhang XY, Xia ST. DreamBench++: A human-aligned benchmark
for personalized image generation. In: Proc. of the 13th Int’l Conf. on Learning Representations. Singapore: OpenReview.net, 2025.
1-23.

[89] Wang WH, Lv QS, Yu WM, Hong WY, Qi J, Wang Y, Ji JH, Yang ZY, Zhao L, Song XX, Xu JZ, Chen KP, Xu B, Li JZ, Dong YX,
Ding M, Tang J. CogVLM: Visual expert for pretrained language models. In: Proc. of the 38th Int’l Conf. on Neural Information
Processing Systems. Vancouver: Curran Associates Inc., 2024. 3860.

[90] Liang J, Zeng H, Cui MM, Xie XS, Zhang L. PPR10K: A large-scale portrait photo retouching dataset with human-region mask and
group-level consistency. In: Proc. of the 2021 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2021.
653-661. [doi: 10.1109/CVPR46437.2021.00071]

[91] Jafarian Y, Park HS. Self-supervised 3D representation learning of dressed humans from social media videos. IEEE Trans. on Pattern
Analysis and Machine Intelligence, 2022, 45(7): 8969-8983. [doi: 10.1109/TPAMI.2022.3231558]

[92] Liu ZW, Luo P, Wang XG, Tang XO. Deep learning face attributes in the wild. In: Proc. of the 2015 IEEE Int’l Conf. on Computer
Vision. Santiago: IEEE, 2015. 3730-3738. [doi: 10.1109/ICCV.2015.425]

[93] Choi S, Park S, Lee M, Choo J. VITON-HD: High-resolution virtual try-on via misalignment-aware normalization. In: Proc. of the 2021
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2021. 14126-14135. [doi: 10.1109/CVPR46437.2021.
01391]

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1007/978-3-031-72627-9_3
https://doi.org/10.1007/978-3-031-72627-9_3
https://doi.org/10.1007/978-3-031-72627-9_3
https://doi.org/10.1007/978-3-031-72627-9_3
https://doi.org/10.1007/978-3-031-72627-9_3
https://doi.org/10.1007/978-3-031-72627-9_3
https://doi.org/10.1007/978-3-031-72627-9_3
https://doi.org/10.1007/978-3-031-72627-9_3
https://doi.org/10.1007/978-3-031-72627-9_3
https://doi.org/10.1007/978-3-031-19790-1_13
https://doi.org/10.1007/978-3-031-19790-1_13
https://doi.org/10.1007/978-3-031-19790-1_13
https://doi.org/10.1007/978-3-031-19790-1_13
https://doi.org/10.1007/978-3-031-19790-1_13
https://doi.org/10.1007/978-3-031-19790-1_13
https://doi.org/10.1007/978-3-031-19790-1_13
https://doi.org/10.1007/978-3-031-19790-1_13
https://doi.org/10.1007/978-3-031-19790-1_13
https://doi.org/10.1145/3581783.3612137
https://doi.org/10.1145/3581783.3612255
https://doi.org/10.1145/3581783.3612255
https://doi.org/10.1109/CVPR52733.2024.00781
https://doi.org/10.1109/CVPR52733.2024.00781
https://doi.org/10.1109/CVPR52729.2023.00447
https://doi.org/10.1109/CVPR52729.2023.00447
https://doi.org/10.1609/aaai.v39i9.32973
https://doi.org/10.1007/978-3-031-73016-0_13
https://doi.org/10.1007/978-3-031-73016-0_13
https://doi.org/10.1007/978-3-031-73016-0_13
https://doi.org/10.1007/978-3-031-73016-0_13
https://doi.org/10.1007/978-3-031-73016-0_13
https://doi.org/10.1007/978-3-031-73016-0_13
https://doi.org/10.1007/978-3-031-73016-0_13
https://doi.org/10.1007/978-3-031-73016-0_13
https://doi.org/10.1007/978-3-031-73016-0_13
https://doi.org/10.1109/CVPR52734.2025.02458
https://doi.org/10.1609/aaai.v39i7.32729
https://doi.org/10.1145/3664647.3680691
https://doi.org/10.1109/CVPR52734.2025.02209
https://doi.org/10.1609/aaai.v39i5.32554
https://doi.org/10.1109/CVPR46437.2021.00071
https://doi.org/10.1109/TPAMI.2022.3231558
https://doi.org/10.1109/ICCV.2015.425
https://doi.org/10.1109/CVPR46437.2021.01391
https://doi.org/10.1109/CVPR46437.2021.01391

AT 5 AT I #BRA A AL B A R ki 1883

[94] Heusel M, Ramsauer H, Unterthiner T, Nessler B, Hochreiter S. GANSs trained by a two time-scale update rule converge to a local Nash
equilibrium. In: Proc. of the 31st Conf. on Neural Information Processing Systems. Long Beach: Curran Associates Inc., 2017.
6629-6640.

[95] Szegedy C, Vanhoucke V, Ioffe S, Shlens J, Wojna Z. Rethinking the inception architecture for computer vision. In: Proc. of the 2016
IEEE Conf. on Computer Vision and Pattern Recognition. Las Vegas: IEEE, 2016. 2818-2826. [doi: 10.1109/CVPR.2016.308]

[96]  Unterthiner T, van Steenkiste S, Kurach K, Marinier R, Michalski M, Gelly S. Towards accurate generative models of video: A new
metric & challenges. arXiv:1812.01717, 2018.

[97] Wang Z, Bovik AC, Sheikh HR, Simoncelli EP. Image quality assessment: From error visibility to structural similarity. IEEE Trans. on
Image Processing, 2004, 13(4): 600—612. [doi: 10.1109/TIP.2003.819861]

[98] Zhang R, Isola P, Efros AA, Shechtman E, Wang O. The unreasonable effectiveness of deep features as a perceptual metric. In: Proc. of
the 2018 IEEE Conf. on Computer Vision and Pattern Recognition. Salt Lake City: IEEE, 2018. 586—595. [doi: 10.1109/CVPR.2018.
00068]

[99] Kumari N, Zhang BL, Zhang R, Shechtman E, Zhu JY. Multi-concept customization of text-to-image diffusion. In: Proc. of the 2023
IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Vancouver: IEEE, 2023. 1931-1941. [doi: 10.1109/CVPR52729.2023.
00192]

[100]  Zhang XL, Wei XY, Wu JL, Zhang TY, Zhang ZX, Lei Z, Li Q. Compositional inversion for stable diffusion models. In: Proc. of the
38th AAAI Conf. on Artificial Intelligence. Vancouver: AAAI Press, 2024. 7350-7358. [doi: 10.1609/aaai.v38i7.28565]

[101] Pang LY, Yin J, Xie HR, Wang QP, Li Q, Mao XD. Cross initialization for personalized text-to-image generation. arXiv:2312.15905,
2023.

[102] Hao SZ, Han K, Zhao SH, Wong KYK. ViCo: Plug-and-play visual condition for personalized text-to-image generation. arXiv:2306.
00971, 2023.

[103] Zhang XL, Zhang WY, Wei XY, Wu JL, Zhang ZX, Lei Z, Li Q. Generative active learning for image synthesis personalization. In:
Proc. of the 32nd ACM Int’l Conf. on Multimedia. Melbourne: ACM, 2024. 10669-10677. [doi: 10.1145/3664647.3680773]

[104] Tewel Y, Gal R, Chechik G, Atzmon Y. Key-locked rank one editing for text-to-image personalization. In: Proc. of the 2023 ACM
SIGGRAPH Conf. Los Angeles: ACM, 2023. 12. [doi: 10.1145/3588432.3591506]

[105] Cao P, Yang L, Zhou F, Huang TR, Song Q. Concept-centric personalization with large-scale diffusion priors. arXiv:2312.08195, 2023.

[106] Fang Y, Wang WIJ, Zhang Y, Zhu FB, Wang QF, Feng FL, He XN. Reason4Rec: Large language models for recommendation with
deliberative user preference alignment. arXiv:2502.02061, 2025.

[107] wvan Le T, Phung H, Nguyen TH, Dao Q, Tran NN, Tran A. Anti-DreamBooth: Protecting users from personalized text-to-image
synthesis. In: Proc. of the 2023 IEEE/CVF Int’l Conf. on Computer Vision. Paris: IEEE, 2023. 2116-2127. [doi: 10.1109/ICCV51070.
2023.00202]

[108] Song YR, Yang P, Ci H, Shou MZ. IDProtector: An adversarial noise encoder to protect against ID-preserving image generation. In:
Proc. of the 2025 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Nashville: IEEE, 2025. 3019-3028. [doi: 10.1109/
CVPR52734.2025.00287]

[109] Jones M, Wang SY, Kumari N, Bau D, Zhu JY. Customizing text-to-image models with a single image pair. In: Proc. of the 2024
SIGGRAPH Asia Conf. Papers. Tokyo: ACM, 2024. 6. [doi: 10.1145/3680528.3687642]

[110]  She D, Liu MS, Pang JX, Wang J, Yang Z, He WG, Zhang GH, Wang Y, Huang QH, Tang HB, Yu YL, Fu SM. CustomVideoX: 3D
reference attention driven dynamic adaptation for zero-shot customized video diffusion Transformers. arXiv:2502.06527, 2025.

[111]  Zhang YM, Xing ZN, Zeng YH, Fang YQ, Chen K. PIA: Your personalized image animator via plug-and-play modules in text-to-image
models. In: Proc. of the 2024 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Seattle: IEEE, 2024. 7747-7756. [doi: 10.
1109/CVPR52733.2024.00740]

[112] Liang F, Ma HY, He ZC, Hou TB, Hou J, Li KP, Dai XL, Juefei-Xu F, Azadi S, Sinha A, Zhang PZ, Vajda P, Marculescu D. Movie
Weaver: Tuning-free multi-concept video personalization with anchored prompts. In: Proc. of the 2025 IEEE/CVF Conf. on Computer
Vision and Pattern Recognition. Nashville: IEEE, 2025. 13146-13156. [doi: 10.1109/CVPR52734.2025.01227]

[113] Li XM, Jia X, Wang QH, Diao HW, Ge MM, Li PX, He Y, Lu HC. MoTrans: Customized motion transfer with text-driven video
diffusion models. In: Proc. of the 32nd ACM Int’l Conf. on Multimedia. Melbourne: ACM, 2024. 3421-3430. [doi: 10.1145/3664647.
3680718]

[114] LiHJ, Qiu HN, Zhang SW, Wang X, Wei YJ, Li ZK, Zhang YY, Wu BX, Cai D. PersonalVideo: High ID-fidelity video customization
without dynamic and semantic degradation. arXiv:2411.17048, 2024.

[115] Wang Z, Li AX, Zhu LT, Guo Y, Dou Q, Li ZG. CustomVideo: Customizing text-to-video generation with multiple subjects.

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/CVPR.2016.308
https://doi.org/10.1109/TIP.2003.819861
https://doi.org/10.1109/CVPR.2018.00068
https://doi.org/10.1109/CVPR.2018.00068
https://doi.org/10.1109/CVPR52729.2023.00192
https://doi.org/10.1109/CVPR52729.2023.00192
https://doi.org/10.1609/aaai.v38i7.28565
https://doi.org/10.1145/3664647.3680773
https://doi.org/10.1145/3588432.3591506
https://doi.org/10.1109/ICCV51070.2023.00202
https://doi.org/10.1109/ICCV51070.2023.00202
https://doi.org/10.1109/CVPR52734.2025.00287
https://doi.org/10.1109/CVPR52734.2025.00287
https://doi.org/10.1145/3680528.3687642
https://doi.org/10.1109/CVPR52733.2024.00740
https://doi.org/10.1109/CVPR52733.2024.00740
https://doi.org/10.1109/CVPR52734.2025.01227
https://doi.org/10.1145/3664647.3680718
https://doi.org/10.1145/3664647.3680718

1884 RAFFIR 2026 5 37 K 4

arXiv:2401.09962, 2024.

[116] Raj A, Kaza S, Poole B, Niemeyer M, Ruiz N, Mildenhall B, Zada S, Aberman K, Rubinstein M, Barron J, Li YZ, Jampani V.
DreamBooth3D: Subject-driven text-to-3D generation. In: Proc. of the 2023 IEEE/CVF Int’l Conf. on Computer Vision. Paris: IEEE,
2023. 2349-2359. [doi: 10.1109/ICCV51070.2023.00223]

[117] Ouyang YC, Chai WH, Ye JY, Tao DP, Zhan YB, Wang GA. Chasing consistency in text-to-3D generation from a single image.
arXiv:2309.03599, 2023.

[118] Hsiao TF, Ruan BK, Wu YL, Lin TL, Shuai HH. TF-TI2I: Training-free text-and-image-to-image generation via multi-modal implicit-
context learning in text-to-image models. arXiv:2503.15283, 2025.

[119]  Sung-Bin K, Senocak A, Ha H, Owens A, Oh TH. Sound to visual scene generation by audio-to-visual latent alignment. In: Proc. of the
2023 IEEE/CVF Conf. on Computer Vision and Pattern Recognition. Vancouver: IEEE, 2023. 6430-6440. [doi: 10.1109/CVPR52729.
2023.00622]

[120]  Petermann D, Kalayeh MM. Seeing sound: Assembling sounds from visuals for audio-to-image generation. arXiv:2501.05413, 2025.

[121] Lopez E, Sigillo L, Colonnese F, Panella M, Comminiello D. Guess what I think: Streamlined EEG-to-image generation with latent
diffusion models. In: Proc. of the 2025 IEEE Int’l Conf. on Acoustics, Speech and Signal Processing. Hyderabad: IEEE, 2025. 1-5. [doi:
10.1109/ICASSP49660.2025.10890059]

[122]  Yang FY, Zhang JC, Owens A. Generating visual scenes from touch. In: Proc. of the 2023 IEEE/CVF Int’l Conf. on Computer Vision.
Paris: IEEE, 2023. 22013-22023. [doi: 10.1109/ICCV51070.2023.02017]

[123]  Zhou CT, Yu LL, Babu A, Tirumala K, Yasunaga M, Shamis L, Kahn J, Ma XZ, Zettlemoyer L, Levy O. Transfusion: Predict the next
token and diffuse images with one multi-modal model. In: Proc. of the 13th Int’l Conf. on Learning Representations. Singapore:
OpenReview.net, 2025. 1-24.

[124] Xie JH, Mao WJ, Bai ZC, Zhang DJ, Wang WH, Lin KQ, Gu YC, Chen ZJ, Yang ZH, Shou MZ. Show-O: One single Transformer to
unify multimodal understanding and generation. In: Proc. of the 13th Int’l Conf. on Learning Representations. Singapore:
OpenReview.net, 2025. 1-25.

R Fh 32538 3k

[11]  Z24R, SRS RN, 8N, ThERES, T4, B F AR LA P9 25 A2 IR T 2 2] VRG34, 2024, 35(7): 3497-3530. http://
www.jos.org.cn/1000-9825/7053 . htm [doi: 10.13328/j.cnki.jos.007053]

[12] &L, T8k, KB E 58, BBH. HeF 2% LR 15 SO 3R 1% SCAS B B AR S PR 244, 2024, 35(5): 2150-2164. http:/www.jos.org.cn/1000-
9825/7024 htm [doi: 10.13328/j.cnki.jos.007024]

EEEN

fTF4, 64, TR TN, EGAIE R, 2RSS
M, WL, HE, MRS, CCF A% th 2 B4, 32 0T T USSP 2 B 5 2 A

© TEBREEEEIEDT  htp/ www. jos. org. cn


https://doi.org/10.1109/ICCV51070.2023.00223
https://doi.org/10.1109/CVPR52729.2023.00622
https://doi.org/10.1109/CVPR52729.2023.00622
https://doi.org/10.1109/ICASSP49660.2025.10890059
https://doi.org/10.1109/ICCV51070.2023.02017
http://www.jos.org.cn/1000-9825/7053.htm
http://www.jos.org.cn/1000-9825/7053.htm
http://www.jos.org.cn/1000-9825/7053.htm
http://www.jos.org.cn/1000-9825/7053.htm
https://doi.org/10.13328/j.cnki.jos.007053
http://www.jos.org.cn/1000-9825/7024.htm
http://www.jos.org.cn/1000-9825/7024.htm
http://www.jos.org.cn/1000-9825/7024.htm
https://doi.org/10.13328/j.cnki.jos.007024
https://doi.org/10.13328/j.cnki.jos.007024
https://doi.org/10.13328/j.cnki.jos.007024

	1 问题定义
	1.1 扩散模型基础
	1.2 个性化图像生成任务

	2 单主体个性化生成
	2.1 物体驱动学习
	2.1.1 基于优化的方法
	2.1.2 基于学习的方法

	2.2 人像驱动学习
	2.3 图像驱动个性化视频生成

	3 多概念个性化生成
	3.1 多概念生成与组合
	3.2 多概念属性可控编辑
	3.3 多概念服装组合试衣

	4 评估方法
	4.1 数据集
	4.2 评估指标
	4.3 方法对比

	5 挑战和展望
	5.1 挑　战
	5.2 研究趋势

	6 总　结
	参考文献

