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Abstract: Visual text image generation and editing are important research directions at the intersection of computer vision
and natural language processing, aiming to achieve seamless text removal, precise text editing, and intelligent text genera-
tion in images. In contrast with general image generation tasks, visual text possesses the dual attributes of context semantic
information and visual graph features, imposing higher requirements for models’ multimodal representation capability and
generation precision in terms of glyph structure, stroke details, color texture, and layout composition. With the rapid
development of generative adversarial networks (GANs) , diffusion models, flow matching, and multimodal large models
(e. g., CLIP and Flamingo) , this field has achieved significant breakthroughs in technical paradigms and practical applica-
tion scenarios over the past decade. This survey systematically reviews research progress in three core tasks: visual text
removal (VTR) , visual text editing (VTE) , and visual text generation (VTG) , which constitute the technical system of
visual text image processing when they are combined. The three tasks are mutually complementary and form a closed loop
of visual text processing: VTR lays the foundation for clean image background, VTE realizes flexible modification of exist-
ing text information, and VTG completes the active creation of text content in images, jointly supporting the full chain
application of visual text technology. In VTR, three major paradigms, namely, knowledge transfer, multitask learning,
and progressive learning, have continuously advanced the synergistic optimization of text detection and background inpaint-
ing capabilities. Knowledge transfer paradigms leverage pretrained image inpainting models (e. g. , contextual residual
aggregation networks) to enhance background restoration quality, effectively addressing the problem of texture inconsis-
tency caused by the independent training of detection and inpainting modules. Multitask learning frameworks integrate text
detection and inpainting into a unified model architecture, sharing feature extraction backbones to reduce cumulative errors
between upstream and downstream tasks, and improving end-to-end processing efficiency. By contrast, progressive learn-
ing approaches adopt a coarse-to-fine strategy. First, text regions based on semantic features are roughly located and elimi-
nated. Then, background details are iteratively refined by fusing local texture and global structure information, achieving
thorough text elimination while maximally preserving the integrity and consistency of the original background texture , light-
ing, and spatial structure. In VTE, technical evolution shifts from GAN-based stepwise processing (including text detec-
tion, removal, and regeneration) to end-to-end conditional generation models, considerably improving the efficiency and
fidelity of editing results. Early stepwise methods suffer from evident seams between edited text and the background due to
the separation of each module. Meanwhile, modern end-to-end models focus on the precise extraction and cross-domain
transfer of text style features (e. g. , font, size, color, and transparency), stroke features (e. g. , thickness, smoothness,
texture, and wear degree ), and semantic features. By introducing attention mechanisms to focus on the correlation between
text and background regions, and style embedding modules to encode scene-specific visual attributes, these models realize
a unified modeling of style preservation and content replacement. Such modeling enables seamless editing effects wherein
the edited text is consistent with the surrounding scene in terms of visual appearance, layout logic, and lighting conditions,
effectively avoiding disharmony of the edited content. In VTG, research has undergone a fundamental transformation from
early graphics-based rendering synthesis (relying on predefined font libraries and layout rules) to data-driven neural genera-
tion, breaking through the limitations of fixed styles and single scenes in traditional methods. Recent advances in character-
aware encoding (which captures fine-grained glyph features) , glyph-conditioned control (which regulates text shape and
layout) , and multimodal alignment mechanisms (which align text content with image context) have significantly improved
the performance of text generation. Specifically, these improvements are reflected in three aspects: text spelling accuracy
(decreasing missing characters, distortions, and errors) , scene coherence (matching the lighting, perspective, texture,
and noise of the target image) , and multilingual generalization (supporting complex scripts, such as Chinese, Arabic, San-
skrit, and other languages with irregular stroke structures). These advancements have made neural text generation more
adaptable to real-world application scenarios, such as advertising design, paper poster, scene customization, and intelli-
gent annotation. This survey further analyzes the core challenges that confront the field, restricting the large-scale practical
application of visual text image technologies. First, accurate rendering of multilingual complex characters remains difficult
due to the diverse glyph structures, stroke variations, and semantic associations across languages. For example, Chinese
calligraphy with freehand brushwork and Arabic cursive script pose considerable challenges to model feature extraction.

Second, models lack strong generalization capability across diverse scenes (e. g. , indoor, outdoor, low-light, and motion-
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blurred environments) and text styles (handwritten, printed, artistic fonts, and worn ancient text) , frequently exhibiting a
sharp performance decline when facing unseen scenarios. Third, achieving precise alignment between generated content
and human intention requires more effective interaction mechanisms to capture fine-grained user requirements, because
current models experience difficulty in accurately understanding ambiguous editing instructions. Finally, the high computa-
tional cost of current models (especially diffusion and large multimodal models) hinders their deployment in real-time inter-
action scenarios, such as mobile devices and edge computing platforms. In the future, with the continuous enhancement of
multimodal large model capabilities, the ongoing optimization of diffusion model architectures (e. g. , efficiency-oriented
lightweight designs, distillation strategies, and fast sampling algorithms) , and the refinement of high-quality benchmark
datasets (covering more diverse languages, scenes, and text styles), visual text image generation and editing technologies
will play increasingly important roles in multiple fields. In intelligent media creation, they can assist designers in quickly
generating and editing text elements in posters, videos, and animations. In information visualization, they can dynamically
generate scene-adaptive text labels for data charts. In cultural heritage preservation, they can restore blurred or damaged
text in ancient artifacts and manuscripts without damaging the original cultural relics. In accessible reading, they can gen-
erate large-font, high-contrast accessible text for visually impaired users to improve reading experience. Ultimately, these
technologies will become key enablers for advancing human-computer interaction and visual intelligence in the digital era,
bridging the gap between text information and visual scenes.

Key words: visual text removal (VTR) ; visual text editing(VTE) ; visual text generation(VTC) ; diffusion models; multi-

modal learning; image generation
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bifi & A= X5 BT ) 2% (generative adversarial net-
work , GAN) (Goodfellow % , 2020) | 3" HUAE Y ( diffu-
sion model) LA K Z2 155 285 AR 1Y (14 S i 1 E JiE , m] AL

SCARKE PR ARZE 7 T AR GE 5 V5 BN GR BE 27 > 11 5
R M SCAERR G5 A2 L R OE 55 EIR
5 E R 7E ] M SCAS B3 (visual text removal ,
VTR) J7 I, iZAE 55 B 7E R B R S8 B S o
— PR TR N IR SCAS DO, B TR AL R S
KBS 55t . FIME G MO T TRE S
AR XELL R X 2 S Pk K (Telea, 2004 ; Khoda-
dadi F1 Behrad, 2012) . 2017 4 , Nakamura ¢ A
(2017) $2 tH B AN T2 R 25 (9 VIR J7 ik, W 1
SCATHBR—TF R AE L AL AT 55 O ] AR
YIS ARG UERR B SCA 2B W RHAE PR BRI e S
RS IE I T = REARIE R R A
Bl FCN A0 2 o B AR SRICSCA B A B 1B
2 185 (Conrad 1 Chen, 2021;Qin %5 ,2018) ; 24155
) G G —HE R S YNGR SO R 7 2 57
18 & (Zhang 55,2019 ; Liu 55, 2022) ; Wik 2024 2045
B RS —HRE 8 " W B AL b s 5 18 A2 4%
(Du 45, 2023b) o M Ah, 2 TP HUBE AL Y TextDe-
stroyer 25 J5 % J& Bt A 5 72 1k fig J (Li #1 Chao,
2024)

A A] PSR g i (visual text editing, VTE) J5 1,
AT S B AEOR B LR T8 50 XA AL B R RU ST 10 il
X SO ARG A A A TR T XA S DN 2 G
BEPIRIIRE , N T R B B R i 8 5 1
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PR o ST DR T A% 43¢ P 1 A 3 ) )y
Y i i 0E B R AR AR A . STEFANN (scene text
editor using font adaptive neural network ) B ¥ 35 8L ¢
I AR 5 S0 B AL 1Y Ak A Ab B (Roy 2%, 2020)
SRNet (end-to-end trainable style retention network ) 5|
NERE LR SCATEES A 5 SR ) BEfili 42
F&J (Wu 45 ,2019) 5 SwapText 18 i3 73 52 I 5 N %
T R e fh 19 45 B T 25 il SOAS A= JRCRE T (Yang 55,
2020) ; RewriteNet 3 il SCA PRI BT F B3 4
YIS M Y 5 L9237 52 6 (Lee 55, 2021) ; Text-
StyleBrush 3& F StyleGAN #4 7 22 J22 U il 5 249 R
FITE W 2505 20 (Krishnan %5 ,2023) . & 31
FRHUDGES , ORI 2 1 T AR VTE JEAR Ry 25 AR A
11550 BFR SRR T 3 SRR I SUR XS R AIE (5
A A A SRy ) AT e B A o)l i e (W
45 20193 Zeng %5 ,2024; Chen %5 ,2023a) ; SCAZE W 4%
k3 5 AR s A R 4R b i e
(Liu %% ,2023a) ; SCA T SCRFAEE 3 TR 45 2 i B e
BT YR YE (Lee 25,2021 ; Zhang 45, 2024a) .
TE ] W SCA A 1Y (visual text generation, VTG ) J7
T, IZAE 55 B 18 B AR EREE 375 A sh A n]
TESCAS AR B DGR GBS A 545 D T
SE S EME, VTS5 ORGSR
Logo = 5 5 1 5 P 4 55 7 5t . WIFSE H AR A4
3AYERE AR B (RSN R an Ty ) A
PR (SCA L &5 3 5 LT SOOI ) S T 1 (2
T+ R UFAT 55 MEBE ) (Gupta 5%, 20165 Zhan 55, 2018) .
FI VTG R I BE T DR 22 1918 Ge 5 U7 ¥, 4 Syn-
thText 8 421 1k T BE Al 5 00 BB AR iR MU &
J B (Jaderberg % ,2014) (A AE & I Pk  Z1E
SCA 5 1 SC— B0 5 T A7 TE AN 2 (Liao 55, 2020;
Long Fll Yao,2020) . FE#& GAN ¥ HB L 5 ZHI
ALY J & , VTG DA BT 3K 5 7 G i 9 381 5 Bl
WA, — 5w g AT S
R 25 0 UG5 SE 90 3 9 AT 45 | 10 Spatial Fusion
GAN SynthTIGER {8 20 4% ] SC A % 45 5 AUk (Zhan
&: 0 2019; Yim £, 2021) , Character-Aware Models .
GlyphControl 8 i 7 4 J& 1 i ) Wb 25 £ F+ DF 15 1 ff
K (Liu %%, 2023a; Yang% ,2023b) 3 55— L, 45 A
P G 0 g 1 BB A RS S B0 TextDif-
fuser, AnyText , TextFlux % 1£ /i Jmy ¥ il L 2185 5 %
5 OCR-free %2 1 J5 1] #fE 2 £ K & & (Chen % ,

2023b;Tuo 55 ,2024b ; Xie 55, 2025) .

BIFFE DT I ANAES) T RS RER BE 507
IEATHT, WA Z A bR f R B T R B R AT
o TERSAL DRI AT, SCAREEBR B R T T B 8
AR BN S RS G5 2 1) SR
Hh R RESCAS AR R T R i R M s R
B H RS OB HEOR RS S B 5 R
AR PR AS AL 5 7SI T8 = OR3P o RGBT B T
168 52 32 45 SCHR 55 B3 220 PP 9 SC 705 8 5 78 T A ) 152
5 B A g I e S R 1 A (R
B 1R R T TR SCASER R | T A SCAS 24 8 A ] 405
ALERTT

1 EERFRIR

L1 A ERRE

VAR, Az A A T DR I0T B9 X5F e 2 1l o) 2%
AL S BB AL, iR TS AL R A
SR E G i i B EEORIERL . HHOCHIFR C RGBS
T A5 AR e B A A A T 0 R R R
JRE k2% AN O BBk i ( h A 45 ,2025) .
L1 A pRe g 44

A TORTATE I 468 2 ] R SCA A= il 1) B B LS Y
Z—o JRIf GAN BLH (Goodfellow 45 , 2014 ) 3 i A=
eAs G5 A& D RS BT ZR, B bR bk AR s G
A DU BCRL L REAS ) 85 D 2 s X ar LA . i
T IR I GAN B AE 8 I S AN Fe e B BE T K B
3 15t (mode collapse ) A= B I T 45 1 22 LA K K]
BT I AN A5 R, i 24 1 N TG

RN ZRRR e M IR B GAN (deep convo-
lutional GAN, DCGAN) (Radford 45, 2016) Rt T —
FYVHE i, A FE 7 AL AR G il FH 7% B 4G B (trans-
posed convolution) #F4T_FRAE  FEH 545 D R LA
A 15 PR A B M AE (pooling) 55 , 1R )5 25
N2 GAN FHIC AR S8 B

G RR BE T R S B 15t ) BT, WG AN (Was-
serstein GAN) (Arjovsky %5 , 2017 ) F] FH &2 5 4% iy 19
Wasserstein 5 25 /E Il Zr 4k H br s Gulrajani YN
TE I b 5] A K RS 20 9 LLARIIE Lipschitz i
2P (Gulrajani 45 ,2017) , $2 5 TR ARIEE 2 M

TEH& T G AR ) PT 45 1 R0 T 1t D7 T, 45 F GAN
(conditional GAN, ¢cGAN ) (Mirza Fll Simon,2014) 7 4=
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Fig. 1 An overview of visual text removal, editing and generation methods

s 5 5 g S AR B SCF AR R SR
A A 1 ER A L. InfoGAN (Chen 4§, 2016)
3 T A A T e 5 A AN ) A LA R R
AR ] i REME . Progressive GAN (Karras,2017) 2k
FHIB AL R 23 B AR RO, ] A o) B R i ik
1024 x 1 024 R Z M N KI5 . Bi)e , StyleGAN
(Karras 55, 2019) 5 | A W5 9 25 FRE e, 40 85 5 )2
T S BERLAR TS, DA T S 3R A0 XA PG At i
BigGAN (Brock 45, 2018 ) il 1 8 Wi 4% 175 5 1F 58 1E )
HTE ImageNet b2 Bt AR Al W fif e AR TC 0 2
36 (19 A WU R, CyeleGAN (Zhu 45,2017 )38 i i 36—
FPER SR 52T C X PG 22 8] A AL Jw] B3

TE Bk & e py 5Ll b, T T AR — 204
B T GANTE = 73 B M Z BES SRR N . flan,
StyleGAN-XL (Sauer %, 2022) ¥ Projected GAN HY /5
R BT Wk N 2R R IS AR A G L A7 Style-
GAN3 B K BERSTE TmageNet %5 K HBUEE 45 ISP

T B v o B R AR

TESCAAH Y R AE AT 55 L HE T 5 30K
PG A 0 v, At 305 1 T o A 78 B S XL
TR AR . ScrabbleGAN (Fogel %5, 2020) #2 i
PP BRI ™ 07 AT A AR B A7 40 A g
S AR PRI B, st T KR )RR PF R S BT
R AR 15, DT I 2 R T T SOAR AR
B REPE . JokerGAN(Zdenek F1 Nakayama,2020) #f
— MR IR T ScrabbleGAN 75 K 745 2 47 5 v iy L)
JERKIRIRT . JokerGAN 51 A Z 2851|544t 0 — Ak, fif
RIS OB L P 5 AT RN TR, BEAE S FF
W H HESEA R EFAFNTH S o W A A
CCABELAL B S A A AR REAS X 43 B AT A
TAT S AT N AT BN 55 RS SE 1, 7E T 5 3
A BT RN T 5 SCAR P (handwritten text rec-
ognition, HTR ) i &4 14 5 8CR 7 T 4 R UL 5
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1.1.2 P HcA 2022) . FEEHL)E R Tl K5 Runway H1BA$E Hi Y

FEl R 47 RIS TRLAT 5 2 1 8 DR 3 P A 7 )
R ELEERAE AR R s TR B P 25 1) 7 LB DA
AN B AR " 4507 ) R GEJETT ARt
FFE AL F 45 5 [ 0 M R~ AA v A1) 23 A 56 B i 3
K 2% . OpenAl , Google Research | {5 [ 5% J& 22 Tl
K24 . Ho %5 A (2020) 2 H! 1) DDPM (denoising dif-
fusion probabilistic model ) B& 3 1 25 U} (] 9 FURL 7Y
AR A HE S SE Ao 1 ) o 57 A0 M 5 P ) 25 Mg o 7 )
R AR, A K M AR 3 VE TC 5 78 J3 4 KT IR R B2 R
fE  CIFAR-10 (Canadian Institute for Advanced
Research) \ImageNet 5540454 I R T 5 GAN
A LB 2 AL T AR PRIAR A o (ER A A0 R
Bz MBI BOR . B, 56 BT AR K7 Song
& N (2021) 2 H DDIM (denoising diffusion implicit
model) , 7ELR-F7 5 DDPM AH R 2% HARBHTHE T, 51
AR IR AT R [ 5 7 5 0 0 MR AR AR B R A
AR SRR B FEAAN R (R 1 O T KR .48, 0 s
SRS ORI BB T IR OpenATHY Nichol
1 Dhariwal 7£ Improved DDPM 5 “Diffusion Models
Beat GANs” H it — 2D LA MmOy 22 A 5 [0
WRAEM IR EE A 2588 51 & (classifier guidance) ,TE
ImageNet 528 FID (Fréchet inception distance ) $5§ 45
4 TH B A BigGAN %5 E il GAN L | bR &% DDPM
FRINEEMR A U B IR R GENE BOl ™ XL AR i
7 (Nichol #1 Dhariwal, 2021; Dhariwal Fl Nichol,
2021).

TE AT HU S SCA B Sl AR A= iy T [ bR A
FEHE S AR PR SR g L S 5] S s It
OpenAl 1) GLIDE # A £ 45 [ 1 4 T CLIP (con-
trastive language-image pre-training) ) 5| 5 5 Jo 4338
#5591 % (classifier-free guidance) , FEAE IR LA —
FEEE B2 35 4S80 SO S F 9 O A, 7
ANZEF WA P DALL-E, [F] A JE R 1 3 i i
I 52 BB B 52 5 Jmy BB B 25 55 R I RE 1 (Nichol 55,
2022; Ho #1 Salimans, 2022) . Google Research P
1) Imagen K KRR I 25 1 5 48 (A T5) 42 SC
ARG, Bo A HIKY BRI 4 7 COCO (common
objects in context) %5 FE IE I SZEL T[] s S Juit ] SC—
HPE S L O FLEE 1Y SOTA (state-of-the-art) & 3K, If:
$2 i DrawBench PN FEHE 22 Ge 1 LA 2 Bl SOA 31 5]
BRI 2e 5 S i T FR #E 2 7% (Saharia 5%

LDM (latent diffusion model) ¥ DDPM A% 2 %5 (1]
LR F) A G i 78 2 8], 0 4 AR A G B e TR 4
KR, PR 7 25 [ P AT 1S £, A2 U-Net
FA G A 58 TR R ) L SR SO HE AR T
FHARAE 025 BEARRIN 255 SRAE JAS 114 [ ) £ 455 153 43
HERANY , K522 Stable Diffusion 25 ISR BE 5 T
Hi AR IR (Rombach %5 ,2022) . NVIDIA [ eDiff-I
— AR BB G RRAR T AR AN RIS (] B A s
RS AR Y % T R S8 0, ZETH B AN AR 1Y
i T & SCAX 55 B2 AL 51 1 (Balaji 55,2022)

TEAR A S48 55 R AR T T, 47 HIORSE 20 DA 38
) U-Net 3232 A i 2 3 T Transformer (138 FH 42
¥ . Peebles Fl Xie #2 i ) DiT (diffusion Transform-
ers) Jl Vision Transformer = [{] patch-Transformer b
{8 LDM % FH i U-Net, 78 ImageNet [ R0 4T T
& 71 GFLOPs (giga floating-point operations per sec-
ond) 5 FID 2 [8] {4 AL, R B TR 25 1) b
HHUR/H S8 1Y) Transformer 7] LAFRUE £ THY BB AU PR
B, JF NG 2 KR DIT R B RSt T 4540 =%
(Peebles fil Xie,2023) . [, FiI5E DDPMAEZL A iy
W7 — R TY HOER BG5S E Ak,
AN IO 2 B B Ay e B A7 4l A DR Y 1
B 5 g (SDEi S ) | £ 5 L RSB S AN
S L AT S5 T R B Eﬁ}ﬁ"]@ﬂq‘@(Meng% s
2022) . BRI E 25T DDPM R B i Al s A
CAEFE PR FIE BB AL SR 4 il LA K v 23 (]
JE45 % Transformer 15 288 1Y 56 B HARE
R, R IR BEAE A SOA A B SCAS R 5 i 5
TN GEAT 55 rh R L B AR T IR S Y B
1.1.3 JPChcAisy

VEHL (flow matching ) &—Fp B A= gAY | H:
%0 FELRE 2 o SR i 1 T R ( ordinary differen-
tial equation, ODE) Ff 432 HE I A P37 L4341 (A iy
g ) 3 52 2l 20 A (i A SRR 1 2 2237 3
W SYHOSALE i 2220 KA iU ] i VC G
S MO — IS TR S B S v, (0 0) I 2 4
R T REATEWS 8] ¢ I5F () BRI RS B 07 1] o 45 0 WD R 0
A3 v, Gl W A B o o 35 23 A0 ) A E AR GX AT, B VE T
K LA P R e, = (1 - ¢) + w0 3
JEG B N o (x,, 1) = ) = x, — x,, AR
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e 22 00 28 T (4 T B2 37 f (ox,0 1) AT BEE AT LS
JE o TERFEBTBL, M, TFR 383 5K i ODE 2 454
(o NN SR T i I 4 g TR I I

f;f(xu,u)duo SRR L, VS RO 2T 4R

H A EAR LMl R T L2 B a] A s T
PG, 88T T AE e . IR As, Ui DC Bl it B4
SRR SR PRAT , Rk Ao T IO A v R AR 1 5 A
B, A i R AL T SRS At YA ]

FE PR L, W UC FC o8 U R m e b e, 6
Meta fiff 5% B (19 Lipman 46 A (2023) $& &5 > R G0t
TLVCTCHESE , 51 A SRR S B A28 R Ok 1 37 [l IH A 1)
Y B, UE B T %36 AR R B 0 WL B AR T
FEIZR BOR SEAS i O, NI A6 T i D id
(A% AT 55 HEZR S RIF9E 7 1) o 5% A5 52 5% 30 K~
BT /0 M8 1 Liu 28 A (2023b) #2 H THEIE 7 (reciti-
fied flow) , LRAR 70 % > 1) 4% i s 42 S m] B VA A 3% 42
PIAN 30 (0 ELER AR, BRI A, Okt A T I AR
SRS TR EUL ARG 7 B It D R A
MO M H TS F . Stability ATEE TG
il /Y B AR HE T 3R T 4 8 MMDIT (multimodal
denoising Transformer) %2 4 1) SD3 5% %I (Esser 55 ,
2024) , FELFEAN I, R E R ARSI E P2 T S5
IR  MMDIT M DIiT Z545 1 — £ 91 Flux AL, SE 5
LR AT BB T SiT(Ma55,2024) , 5
KoY e R WS A 4, Meta [4]BA (Polyak 55 ,
2024) 42 1 30 B f G A9 A A B LA AR Y Movie-
Gen, R 3F T I DU B AR 78 (1) 1 FH
1.2 AT AR

[ Br VTR B 5% 3247 92 B i R 2240 5o F] 43
e GRRFNE R 2= B K H AR RIS  H A
JUM K2 S5 HLAE , BB 58 RS 4 B8 SCACRRAIE |
PR ST RBEE " AR AR R, FER
VTR PIAE G805 %6 3 (CANSCHR 4 My 40 1 L 48 B B B
HAE) , Z BT F THHE , MELIR X 235 . HA
JUIMN K 2 Nakamura 45 A (2017) $2 H 25 A4~ #2821
2% VTR J7 ik, St ¥ s 60 1 55 40 A5 2% — R i g 5
B SCSCAR B B, B R B (B A% 0 AT 55 HE
20, e, 38 BN K 2= AR v R 43 B Tsola AFE A
(2017) 42t Pix2pix B AL K 55 18 A 1l XF Bt X 4%
(cGAN) 5 U-Net 45 &, 75 A B 4% 80 3% 3 =X,
PatchGAN HJjl| #§ 5 L1 81 5 % 31, i GAN 2 4%

+

PR AR A 1) LA

PRIE A% 0 A Bl I S A B AT 2 ) JliAs
P NERAT ST B AT O, HAR AR R
Zdenek Fll Nakayama (2020) & tH 55 Wi 77 %8, ¥ wiuilll
R 4% 5 GAN & 5 W 45 43 25 I 2, 75 e X 4L
I, BEARAR 1 AR 5 i =2 BT 18307 48 1 K2 Conrad F11
Chen(2021) F| FH I 234G 25 2K BOHLAE A , 28 250
75 ] 4x 7 38 b 1k (atrous spatial pyramid pooling,
ASPP)BEHANAL , 8 TH 5 A SO SHEBRR L . JF
1 05 1), 56 A K 2 28 BB 2% 4 1 Qin BN
(2018) 4% H LD 2% cGAN ZRHG , — A i 4 2 i #8
i, — MBS KA 5 SO bR,

ZAE 55 T Al g —HE RIS I 2k SCAR
FRIES=2 " 5 W RERE7 : GAN 2244 Jr 1) , B B
T.2B% Keserwani Fl Roy (2022 )3 i A5 AT Fr Lk 5
XU , T 28 bR T B AT RS M RS 5 % I
By i, i E 52 141 BA Lee F1 Choi (2022) 1 1]
1 B 71 (gated attention, GA) 55 J&& 2%k [X I 4= KA
(region of interest generation, RolG)#LHI, GA FEHez)
A VAR SCA 1] 5 J] 1 X SRR AL TR, RolG B B 5
FESOAR XS R AU ZR850% , 7E SCUT-EnsText £l 4
| BUS {E {= M Hﬁ(peak signal to noise ratio, PSNR)
41. 37 dB.SSIM 3 0. 984 6 I {It L RE -

ke S M AL R iR AR
AL 5152 25 L e 20 Ak Ty 1) SRR B 1
22 B4 K2 Tursun %5 A (2019) $2 5 MTRNet (mask-
based text removal network ) # 5 | DA cGAN by FEfili 5
N B SORHERS , Jois R 2R BT & 206 5
i SCA Y S, SEBLAR O SCR B FEVE RS R , 78 ICDAR
2013 Ml ERARL HFZ8 4w
MTRNet++i 71 “HERS A b —HIE AR =)
SCHRRE 51N Tversky 5 26 32 THIE RS A 115, 24041
18.7 M, e i it Ak 5205 (Tursun 55, 2020) 5 H A<
ARAL K2 Tang 55 A (2021) $2 1 28 i 237 5t SO
WRJT % BTt G O 5 3R A il 28 i
b 2 TR PSR 5 75 S8 S AR R OO 2
VE R/ INRST LI, DR B B 2295 SN2 AU & LB
PR B St R

8 AT 55 QB 7 T, H A JLMI R Mitani 558 A
(2023) $2 Hh e MR 5OCR B BRBTTE 55 B &
T SRCHRI  SCAS PR PRV [ LA S i A ) AR B
U-Net 2244, 3 it 4% {4 U-Net 5 FiLM J2 52 3 H 7 ia]
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T ERERR , o i S IR, A B R U]
BRI LR T 2

Y FY BB VIR AR BB R T 2%
B $2 5 A9 DIffSTR A2 &1 | L i Il 2k PBE (paint-by-
diffusion) P B 7 R FL Ak, 5] A ControlNet S i 45
¥4 5 20 R SR F 361, 2545 DINO-V2 Zi i & $ By
VKL AR I SR AR R B0 Pk 78 A g i W
F e h F B L (Pathak 45 ,2024) .
1.3 A AGmEE

STEFANN (scene text editor using font adaptive
neural network ) (Roy %5, 2020) B 4G 18 i SCAS K i 5
T 1 v PG R R A R SCA X 8K, i S D A
I 3 ) 286 AR £ IO 4% A 55 i s = R JXUAS DG B Y
HARFAF IR B B — Stk . STEFANN FE R 55 —
AN VTE BRI 2 2 TAE, 51K TR 2%t VIE 19
g . ESMY TSR G A W M T
Meta %5 B 28 5] LA K H AR (9 UMK 2% A BA %5
F
T SCA RS REAE 1 Gt 8 b, HEAS LM
K2 A1 BA (Shimoda %5, 2021) #2 H} De-Rendering 75
WG R B E B WA T 88 5 7= 2 O s Aoy HE R
M, Xk LA o Jo et B VR Y S A TR R P SO
Y S ST Y M SR A S AL AR XU
SN NC S BUN A T L N
AR X SCA TTER HEAT NS R 8 ok,
J AT i e A F 2 HAR SCAS . Fast(Das 55, 2023)
BT ST 1 SCAS AU 2 ) 4 25 A - R e AN ) 3]
Kz b2 T e —SOHEAS R (0 0] 8, 3 3 3 6 SO K
W AR R H SO A i S 18 e AT 55, 455 Bbn
FEA A B WA R B G A T R T ST R A
FE S SOAE S B

B T K AR AT 55 40 R A IME S5 22 A0 i 3 i
(0 G 7 YR TR R R A B A U R (1 4
H i 1) ity 1) G 56y U 3 T A A Ry A% A A
A, RewriteNet(Lee 55 ,2021) 73 5 5| A XA i i 25
FISCA N 25 i 45 25 B SR XU 5 SCORRRHE, IE 5]
NGy SCARTEUN 28R 31 385 A5 DR A0 A= B 0 XUk G
i 8 i PEBE . TextStyleBrush (Krishnan 25, 2023) 3t
T StyleGAN2 2t , 38 28 51 A FAR 32881 H 5 WUk
e SO BIBRIT R PY 2SR Bk DL B
W i AR Gl L SRR AE 5 5 A% 1 24 R
StyleGAN2 7 SCAA: %I B 81 [E . DBEST (diffusion-

based scene text manipulation network ) (Santoso % ,
2024) ) Fad s T SCAR PR 89 T i FH Text-
Inversion A 77 2, £ B 47 HICKE 2 1) A= i BE 1 4 Tt G
BRCR IR T 50 I O B 7R SO A= T G U Y
B, SceneTextStylizer( Yuan Fl Yanai,2025) 5| A T
SCAR AU REAE T ASEH AT E 2 LLRE B8 0 S i)
P HEIE , TS B 1R M0 U ZRAY VIE AR

BE T SCA B WURFAE ) G D7 1k L TEER T VTE AL
55 B A WEWAVE D7 T A . Google T BA (Liu
45,2023a) S 0T VTE AL 55, SCAR G a5 AR B2 R
il 5 SO AR Y T, AT SORLIE 4 2 B 8% BN
ST IS T E AT G 8 B A IR B B G 5

TEHE T SO SCRAAE Y G 48 07 ¥ v, Je i $2 3
Y RewriteNet (Lee ¢, 2021) . TextStyleBrush ( Krish-
nan % ,2023) fil Fast(Das 4% , 2023 ) % #8038 48 5] A
He 2 F A5 (optical character recognition, OCR) fY)
PR K B OCR (9 FFHFE, 515 VTE B 307 2E
BB BEA A AR AL RE ST R T, OCR 5 2 iR
2 8] (4 OC 28 0E R 4 SR ) i R 2 R AR
HAE 2R REAVAZ DR EM S C B R 5
PEIFIE (5T 45,2025)
1.4 FXAREN

FEIPR VTG #IF5Y 32 2 Fl 58 AL G v Je & i e
BB AU B By 1) AT 45 A s AR PR R A 5
e [ A FER A BTN PR TR L8] Ama-
zon Rekognition 4] BA 55 Cornell Tech . 5 E NAVER
Clova AT, LA M 38K WF 5% BE . Google Research 55, %%
TR W90 i A vh A RS SOA [ R B 4
B BT FAFRAN A0 A LSO A SR A 5
P8 A s ot #8510 T B B HE 22 31> D7 T (Gupta 55
2016; Zhan %5, 2018; Zhan %% , 2019; Liu %, 2023a;
Chen%§,2023a)

TETE e B e 7 T, 3 [ A HE K2 Gupta 55
A (2016) 2 ) SynthText 37357 SCA G AL, i@ 1L )L
o] 5500 B AL o 2 SO i i R e ) ) 4
SRS T I B =AY SR, T S AR 5 g
P LA T LSRR, O J5 2237 5O R 5 R 5 F|
ARt 7 ORI R R R A o BTN g R B TR
Zhan %§ A\ (2018, 2019) $2 i} Verisimilar Image Syn-
thesis 5 SF-GAN (spatial fusion GAN) , §if 2 i 1 15 X
— S BEE AR AR IR AL E R ETESE
—HEZE rp g SO AL 5 A5 A WL B S - )
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RIS AR R AR ER i

2 ARG OCARTE B R DL R B S L [ s
55 SUCHED, A EUS T BB U ZR R B SCAR K
PRI, )5 , SynthText3D 55 Unreal Text 4
A BN 2D MG 7 R B JEF 3D B 1 i s e
e, 38 i [ of ¥ 3 s 5 SOAR S 5] A R AR AT R i
P GEERS I AR AL, A B 22 3 LS Y 3 55
AEHE (Liao %, 2020 ; Long £ Yao, 2020) .

TEMN B e 5 24T 55 % 213 L0y, DL )
Amazon Rekognition ] BA 55 32 [E Cornell Tech [
Fogel % A\ (2020) # H} ScrabbleGAN , ¥ H1 51l %% 5 F
B SCARTUN W 28 6 A I e, A DR UE X 70 A 1l i L
(o TR, DATRURI A 2% 24 oA B 25 SR 1) Pl 5 5 I 2
IER M, S AT AR K B SRR 2 5 SOAR MG AR i, IF
BERTI NI TSR MERE . # [ NAVER Clova
AT B Yim %5 A (2021) 2 i SynthTIGER , 3 52 A5 H
TR SOAR BUR A I R A 2 5t IR 5B
TR, T AT X SCAR A BRI AT 2 A0 i R )
VeI ESRREMLE , 78 ICDAR 3L 1 3E B AR i B
TG0 6 AR 4 G, 38 3 5 SCAR R G B A1t
i Y 4518 B o L Ak, Google Research 14
Character-Aware Models T-1F M SCA g 1% )2 18 H %
FINTFIF BN G 245 744 2 DrawText 564, R G557
BT FAFRAT DX SCA T G2 Jot 1 9 520, R )5
LI T ByTS5/Glyph-ByTS A 748 H VTG #2435t T &
B R (Lin%s,2023a) .

FE HBORE R IR S 1 7 4 A ki =X T, S
¥ B% 5 75 e BHE K2 Chen 28 A (2023b) 42 HY Text-
Diffuser HEHL B VTG 430 0 “ SCA AR Ry St 7 R EA T
PG A B (4 W B BERLRE « 1 S8R Transformer MU
A$& 7R A O] I AR UL A B RN SOA
R B SR G K A0 Sy P81 5 SRS R SR [ Ry 450, 5
SY B SS E KIS AR AR IR IESC
AHE R8P, SIFEE, GlyphControl FJ
T 254253 Stable Diffusion, 75 JC T B I 3 ALY
AR T 3T T AT AR 8 7T (Yang 55, 2023b) ,
Glyph-ByT5 i 2 2 ffill fb 5 4F 8 0 SCAS Gt B 2% 5
SDXL 254, S K By | o 2% SCAR 1Y) v g s 4
(Liu % ,2024) . X 2& TAEI[EHfES) E BR VTG #F5Y
AR GV Y0 o] “ AR + R + ZIEE Y
J'&” B4 RS B B

2 EAR#HFRIR

2.1 EMNXEMER
2.1 1 AR 4

ATAFERE , A RO BT I 28 7“7 A A 5 SCAR TR
BT IS T — RN

Auto-Encoder Guided GAN(Lyu %¢,2023 ¥4 13 7%
A IR Ay P A5 30) PRI A 2 I T, BB 2355 1 i )
e G IR T, P AABRIE T A A 22 S Bk [ 1R
TE SCAS Hl s B G A 538, DF-GAN (deep fusion
generative adversarial network ) (Tao 55 , 2020) F1] FH 5
Wy Be A e 5 H bR R I &8 L ST T - EokE
Iffite TIN5 RE . TH-GAN (generative adversarial
network based transfer learning for historical Chinese
character recognition) (Cai % ,2019) 7E GAN FE A 5]
N T G A ZRINA )RR T AL H AR pR%L, 3271
TR A R RCR AR AT R DU R T T
FE DU RN 2R B Y 58 . TET-GAN (texture
effects transfer GAN) (Yang 55 , 2019 ) 5% ¥ SC K%
XU Ak 55 2 KU A — A I 25, D b Kt 4 LA
CRFREAR A ] (R, B AR OGR4 1
SCFR AR L A% J7 1k A W HE S A DG FOR &, 191
Ui AR AL B I T3k 22 I 288 254 S5 % B )11 2k
TEAR i TR0 19 A B 5 XU L A% 2R T D T B
PREFEICR . WAL, PR AR B WA
Q00 THT ) SCRY K BN A 3 TR AR T IR (A2 4
2022 ) 3 52 3y 21 3 ) 2 A5 — A it 45 g 5 T g
B ST AR oA S BT BN A Ty
W TAL G T T PR vh SOK ENFAR A 18, S A
JREARAEAR B2 AU AR A 1T ml e

VLMGAN (Cheng 55 ,2022) 5| A58 —if 5
DR IC M 3 ok L[] G FEATL ] 58 A 5 45 SO g %
NG F , IF B v 1 7 VS BC 43 X (vision-language
matching score , VLMS)VE AT AN F6H7
2.1.2 PHER

Bl P AE D SO R ) R RIF 5 5 g P [ R S A i
B, RSB I 1] T S0 22 Y R R T
W2 + 2 BB AT 45 A IRESR " BORS Rl . — 7T, A
B EHRBIETE B IDEA BIFFY B LA K 55 Bk s A ML
T 5] PP SO 22 0 5 SO B MR A R T — FR 1A
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ARRIEM Y B ; 75— J7 T, i S RHF LA 7R
T SR T A BT T TR [ R B e i T AR
BCRESR, 4 20 IO Y D FH A BGE 147k 2007 H .

TEh S 218 5 SUR B BMG A i T, [ R R
H 1 ERNIE-VILG 2. 0 K¢ Fn iR g s ALl 5 R A 2%
WL % (mixture—of—denoising—experts) PMEE A EAN
() Fsf (1] 25t AN ] 2 M I 2%, 9 b =0 A KG 40 7Y
BT SR TR, 7E MS-COCO | A5 T 38 i & B
A% FID-30k f5e {25 5, TR) Ak i 25 42 1 o S SOF
FF 5 AR AT AR R E N R R RGBT
SCHEOCCA I TAEZ — (Feng 45,2023 ) o Jb U5
JRAIE 5T B 3 1 Y AltDiffusion A2 AltDiffusion-m18 i
N5 218 T A gt 45 140 A MY 25 Stable Dif-
fusion, $f LFAEF YRR 18 F, I AEZ1ET 53k
T S A G T A Stable Diffusion , 3R T [H
WEZ IR U G S AR 2 I e X iy sk
(Ye4,2024) . IDEA 5 BE 1) Taiyi-Diffusion-XL 7
CLIP i1 Stable Diffusion XL Jfifi -, 3 32 3% £ XU 73
YR Jim] 3% 5 00 & g by, IR B v —i8 & KB
A B g JB P SOx S AL AE COCO / COCO-CN
By R A AR T AR T AR TR IR AR Y, 1R
H S T AR U EE TR (W55, 2024) .
FAT kB ) Seedream 2. 0 #f — A 1] 1] Hr e XGE K]
A RN AR R G SUE SO i 25 Fh 2
B B IS 12k (7% RLHF (reinforcement learning from
human feedback) ) 75 1l & 4t fit fk , 3 5] A Glyph-
Aligned ByT5 DL 4 58 7 45F 0 SCAS VE YL fig ), TE 8 R
PR | 92 T i | SCAS TE Y PN R 1E i M 55 2 IR A
AR R R T N Tk B KRR
SE AR Y 55 S0k B R A R T Y A R i R
(Gong % ,2025a) .

TETE U T A i T, BN A A
PURERER T4 HOST R T T8 A5 2l 3 s iy T 45
FUGRA . PEAE Tl R 55 B3 42 HY Y CRS-Diff AE
A8 B0t e R R ) R B T4 R 1R T R S
FESCA e 5 R 2 %A A B AT B
It 2 REERHE RS ML R S WG S IR R4
115 22 J6 2R AT 55 v 3 I AR TAL 52 07 %, IR
B Az BB T A R0HE T B AR IUAE T AT 55 1 g
(Tang 5§ ,2024) o XK TARKI T B NAE Y HUB
R+ 38 T AR 57 1) MG ST 5 3R AT 55 5
FHTER RGIRR

VRT3 B B B 5 — i LA ERNTE-
ViLG2. 0. AltDiffusion. Taiyi-Diffusion-XL 5 Seed-
ream 2. 0 55 KA S0/ 210 F SO IR R,
TR XN 55 21 & SR 5 SO R AR A5 7
T 1 BA FE BR5e 5 7 BRI FR 5 55— i ) LA
CRS-Diff 45 [ [i] 1 J& 1 T P2 7 HORE 2 o (03 s
IR AT ] N 25 AR I e B e (AT g 5
oA o e TP S TR AR S B A L T HIOS R T
N P AT O BEE T Rl
2.1.3 JRICECAA

7 FE A, BT 37 DR BC R B A AT S LA T A 4
BRI B B ST B B TR T BA S . BB TR
B ICH A3 1 T HunYuanVideo ( Kong 5 2024) ,1E
S E N E AT 13 B & G P SRR A BT
LS g FE AR T Wan2. 1. Wan2. 2 (Wan %5,
2025) % — RN SRR, RS HE AT 14 BRY
A A AR L & Qwen-Image . Qwen-Image-Edit
(Wu%§,2025) 55 20 B it 201 PR A i g AR AL
X S 1 DIT 5 VE A2 5 5l A Z By
BRI 1 W0 rad B, S B0 T 78 FH ST i KR
JESETE . BIRSLE A WK A [0l 2840 5 R DL O A T
4545 B OmniGen (Song % ,2021) , [A] i 32 5 &%
(0 LB AN G AT 55, SRR SO S A FIE BB &
A . A, B RIEEALE R SCE L
TEAR VNGt () AT 55 |, e DR AS (19 75 451) 5 R
K A3
2.2 AR

FE N VTR W57 401 DL PR ARAHE 2R Oy B,
P SC R A O 21 E IR G SR E I E B Ak
AR R TR 24 4 1 SC AT B % Pix2pix [ cGAN 2244
¥ 1Y EnsNet (ensconce network ) 15 7 (Zhang &
2019) , BFr 22 RUBE o SCRME Rl B 5 08 [ 3% 45 45
B 4 TORS A0 A4 2% pR S, O N E N E RS
SO e A B S s B S VTR B R, HE B
i 3K 333 i/s, A 5 22 # H %) EraseNet (end-to-
end text removal in the wild) % (Liu %5, 2020) i
HOSCEE I 4 A IE AL 5 7313k L Jl 3T Dice 45128410
LR, B 5] A SN-Patch-GAN 556 1% 15 — {4
AR, e — PP T S E O

TEAIER T, N R g RE
Fo iR 22 Ml . 52 B2 4 WA B ) SAEN (stroke-
aware erasing network ) 15 7 (Du %% , 2023a) Bl 7 SCAC
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2 1 T AL i 3 45 5 ASPP R (Chen 45
2018) 14 194 [y B 2R A b £ SCASHE S 5 = B0y 5 570
AR e ) 5 3T TR 2% 2R 22 5 1A B Y DINet
(deformation inpainting network) % 7! (Gong 5% ,
2025b ) B X i 52 FL A 5 5 1 HUIM 1 RO R
THh S XGER A M 25 i SR Sad RO 18] A1 BR Y
FETNet (feature erasing and transferring ) #< %Y ( Lyu 5 ,
2023) QBT IEAE R ST AL, LIRS R
TR OCAR B IR L RS B2 5 00316

ZAT 5525 2 A Y BN W5 R AL B[R] AL
Hil o e R TOK o2 4 i SC M BA 9 CTRNet
(contextual-guided text removal network )17 ( Liu 45,
2022) fili £ CNN 5 Transformer £ %4 , 6151 J) #— 4
JR N A i S g T B R i 2 B
K2 T P A B EAFormer 558 (Yu %5, 2024) 4]
B 2 A Transformer 4244 | 38 35 SCAS ) 2 48 s
AL PR SOAR XIRTE, h“ 0 H— 4 B i i S i
CIERES X

ik 3y 2T Ju A [ N IR ST R Ak P SO
BRI AR . P E R SOR R AR PERT (a pro-
gressively region-based network for scene text removal )
T (Wang 45, 2021) QT W AR 5 | 2 57 Z Bir
BRI , 380 2 DX ORI AN A B SOAR X8, 2
Bo2 F B AT £ By BOREAY IR 25% 5 [] FAT BA Y
DeepEraser 15 4 (Feng 55 , 2024 ) I 5] 2 50 3 748
FE SCA DX 8 ) W 3B 5 1L R 2% ) HiCIR (hierar-
chical context-aware interaction reconstruction) & 7
(Dai %5 ,2025) BIHT > ZHEMS 5 | = Sl iE g bR 3058
ML, 7E SCUT-EnsText % 4% £ 52 B PSNR
36. 82 dB, JEHL A 2L ARG 22 UK i SCCA AL B R
7155 B R4 3 A BA ¥ PEN (progressive scene text
erasing with self—supervision)*ﬁiﬂ(Du 45 2023h) 5%
B i R AR R A R S = Bk AR T
B 30 Sz AL RE J1 5 TP R E R K
DARLING (disentangled representation learning frame-
work ) HEZR (Zhang 55 , 2024a) B 5 XU 5 N 2845 11E i
TR, A8l AT 55 i A% S5 T T A WL, 78
SCUT-EnsText %45 £ 52 B 4 Hif SOTA PR ¥ PSNR
38. 85 dB, e 2 AT 553 FCME S4B BRORS E

[ N TE VIR B 2% 07 1] () B 8 AR 2 4 R HOR
S RS S SCARIERE Iy 1), A AT AR
A SCAS IE RO HE LR, ff rh SO I e 37 5 R

H— RS TE 15% DAL s 5t 1R 302 2 5 Vi
(vision Transformer )& it J5 0], I A2 38 K24 Con-
Text # # (Zhang %5 , 2024¢) &1 “ g A—#FE—7
F AT 55 S R AL, A BT R4 1Y ViTEraser 15
B (Peng 55, 2024) N 1 A4 VIT Z44 VIR A8 , i
1 SegMIM (the encoder on text box segmentation and
the decoder on masked image modeling ) i Il 24 5 W& 4
SRIZALRE ) s PEAS IR R 5 9 B 5 10, wh R BRS¢
AR AT A H 5 357 2 B M — PR BRI IR " RUAZ L
PR R (Wang % ,2023b) , T SC VTR J5 5 P4l 2
HEKS 20 A bR U 5 [ 1] K 2 1 BA Y TextDestroyer 155 74
HET IRy HOBAL (Li Al Chao, 2024) , Bt 3 243
J2 SCASTE AL, TN R TT bR BRI A] 3 e v Sy
IINFEARSOAEEG , 0 2 AR P T T
2.3 AN ALE

VAR AR ST G e 1) BT 98 2 BEAT TR AR R
AEHT I A [ Rk g SR LAL 5 e A, LA K ]
B OB HEN . EWNTEVTE 7 s 2801k
"I T A BT B R 2 AL OCR R 58 43 1) Ay A
(R X g, e B AU 5 N SR 0 A ik
SR, PR A BURALAR N 19 B B XU SCAR A L,
I ZGE 0 Z RS IS 5 1 G — PRRS fi

TE LT SCA KA 2 5 1) Y =X, SRNet (editing
text in the wild) (Wu 45, 2019) #5 4 {£ Sy [l Py 1) 56 3K
PETAE, BT XUk R B2 R 45, S BRI 0] SUA R 46
8 )R, SHEMBSCAS KUK 5 S S P — 2ok BT
A1 BA 1Y SwapText (Yang 55 , 2020) F1 ¥ 11 K 2= 1)
TENet (text editing module) (Zhao %#,2021) 7 SRNet
Jefil b, 25 AZ B B g, RIE e R A
F18) SCA G 00 B PR ASE HR A ) SCAS A7 & AN 25, B
FIASCA LG TR 5 R B AT 57 SCA XUk
A3 B AR SR b, i J5 2R S RIS SO
EUE R BARTE Strb o BRI, SwapText £ 1)
THCARAZ H W 45 LA 1) SCAS IR, TENet >R FH A8 25
PSLH SR O SCF AP R B 28450 . 2 B 0T M
2B A PR 2 G B B v i AT A4
Ao SR, SCAR KU A R T A 1A B, 5 e L
U AR B R R DU T 2R F AR5 5%
RGBS IE LR A MR (AR R 27 ) 5 HLpk
B o AANIE , 33X Fh Z B BERIR AR, FRAR T 45
— D WM A el A AN AR (%) 2 A8 45 SR BB R AL
R e Gl b g | Rk R 22 R s B S 19 07 1k
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i 75 4 5 3 B2 45 LA 157 1k , MOSTEL (modifying scene
text image at stroke level) (Qu 4, 2023) $1& H 4 45 51
AL, T A T G | PRI AR T T 2 G Y DX, (X
OYES T ORISR S T R KRR I 2%
REAS 4 112 T2 21 SO DX Il 11 G 4 R ), IR AER 1 vt
PRI B2 >0 XE R, I8 D A BESCAS 1Y IAURS 5 T 2 S
AORFF—F [RIR TR 5 SCAR R A7
B ) S5 B SR KU S 25 AU A A AE I 25
TextCtrl (Zeng 55, 2024 ) 3 11 KUK fiff#l T 1| 25 5K gk LA
TR PRI, 30 i Sy AL 3 31 B I 2 A
2L XS RFAIE, PR LA 4 B B ) A A
AR b4 TH 7 I HERA PR AR — Pk . DiffUTE
(Chen %,2023a) . TextDiffuser (Chen %5, 2023b ) L4 X
UDiffText(Zhao 1 Lian, 2024 ) 25 ] Ff] Inpainting y1 3,
Bt KT R DX S B TR A 1 g 4R, G b, DIffUTE
(Chen 4§, 2023a) i 1] FH 2 T OCR 119 11 15 2t 15 45 25
R CLIP SCA Gt & , 42 TH SUAR — KUK R ELJE , Zhang
4% N (2024b) F) FH ControlNet {5 3X; (Zhang 5 , 2023)
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