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Abstract: In the context of deep learning, an increasing number of fields are adopting deep and recurrent neural networks
to construct high-performance data-driven models. Text recognition is widely applied in daily life fields, such as autono-
mous driving, product retrieval, text translation, document recognition, and logistics sorting. The detection and recogni-
tion of text from scene images can considerably reduce labor costs, improve work efficiency, and promote the development
of information intelligence. Therefore, the research on text detection and recognition technology has practical and scientific
value. The field of text recognition has resulted in the use of methods from recognition and sequence networks , which led to
evolving technologies, such as methods based on connectionist temporal classification (CTC) loss, those based on attention
mechanisms, and end-to-end recognition. CTC- and attention-based approaches perceive the task of matching text images
with the corresponding character sequences as a sequence-to-sequence recognition issue by employing an encoder for the

process. End-to-end text recognition methods meld text detection and recognition modules into a unified model, which
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facilitates the simultaneous training of both modules. Although the advancement of deep learning has driven the develop-
ment of optical character recognition (OCR) technology, some researchers have discovered serious vulnerabilities in deep
models: The addition of minute disturbances to images can cause the model to make incorrect judgments. In applications
demanding a high performance, this phenomenon greatly hinders the application process of deep models. Therefore, an
increasing number of researchers are beginning to focus on strategies for understanding the deep model’ s response to this
anomaly. Before understanding how the model resists this disturbance’s performance, a key task is discovering a mecha-
nism for better disturbance generate, i. e. , how to attack the model. Thus, most current research focuses on the develop-
ment of algorithms that can generate disturbances efficiently. This article reviews and summarizes various adversarial
examples of attack methods proposed in the field of text recognition. Approaches to adversarial attacks are divided into
three types: gradient- , optimization-, and generative model-based types. These categories are further delineated into
white- and black-box techniques, which are contingent upon the level of access to model parameters. In the field of text rec-
ognition, prevalent attack strategies involve watermark tactics and cleverly embed disturbances within the watermark. This
approach maintains the attack success rate whilst rendering the adversarial image perceptibly natural to the human
observer. Common attack methods also include additive and erosion disturbances and minimal pixel attack methods. Gen-
erative adversarial network-based attacks have contributed to the research on English and Chinese font-style generation.
They deceive machine learning models by producing examples similar to the original data and thereby improve the robust-
ness and reliability of OCR models. The research on Chinese font-style conversion can be attributed to three categories: 1)
Stroke trajectory-based Chinese character generation methods generate novel characters by scrutinizing the stroke trajectory
inherent to Chinese script. These techniques harness the unique stroke traits of Chinese characters to engender properties
with similar stylistic attributes to accomplish style transference; 2) Style-based Chinese character generation methods gen-
erate new Chinese characters of specific style by learning the style features of various fonts; 3) Methods based on content
and style features generate Chinese characters with specific style and content by learning the representation of content and
style features. The attack of OCR adversarial examples provoked reflections on the security of neural networks. Some
defense methods include data preprocessing, text tampering detection, and traditional adversarial sample defense meth-
ods. Finally, this review summarizes the challenges faced by adversarial sample attacks and defenses in text recognition.
In the future, the transition from a white-box environment to a black-box environment requires extreme amount of attrac-
tion. In classification models, the content of black-box queries is relatively direct object, with only the unnormalized logi-
cal output of the last layer of the model needed to be obtained. However, sequence tasks are incapable of performing single-
step output, which makes more effective attacks in fewer query environments a challenging problem. Considerable advance-
ments have been attained in response generation during the advent of substantial vision-language models, such GPT-4.
Regardless, the associated privacy and security concerns warrant attention, and thus, the adversarial robustness of large
models needs further research. This review aims to provide a comprehensive perspective for the comprehension and resolu-
tion of adversarial problems in recognition to find the right balance between practicality and security and promote the con-
tinuous progress of the field.

Key words: optical character recognition (OCR) ; scene text recognition (STR) ; adversarial examples; generative adver-

sarial network (GAN); deep learning; sequence model
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Fig. 4 Classification of adversarial example attack methods in text recognition
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ARSI Jr 38 e KAA, AT 7 A A TP RS 1k 1Y
XPPUREAS o O T AR BOA BT Y L, 30 B X Bk A
', NG5 SE UG RIS x B 00 IR R x) =  JT IR, MI-
FGSM 3 o8 3K i 2 A Ak 1) @0k SR A TP REAS , B
h

arg Hiln Leve (2, 1)

st]x x| <e,(1-2)O(x'-x)=0

K, e fRFA S KN, K ED X IR QKR , Q2 =
{oeR]o=1} XIREKEN A, FM,o=0,
Qe{0, 1}t RN B, OfF5RKRITREN
A . TR, B e AR X PR A &' 3%
A OCR A rh I3 o I ] A 46 4R 4586 B2, 1581
4 SR 5 R AR R 2 A, R MI-FGSM
BOLTHE I A S R Bl SR R B i #1 1E 5ok
E DK rpr 3 2 AN Wk AR, 28 OCR 1R 51 285 2R 1k 5
T, KENBCE AR A 5 B .

(1)

|
________________________ | |
| ! 1 ! 1 1 | | Dense
(WATERT o f MRTER“A“ } I I_E‘{Ei ?_ i | Net :—’
HKEp KA ' | HsoR
| OCRAELFY
| ETe Jl
f o = | MI-FGSM e
[
Fes ?i‘.‘f - SaHERE
JRUGREAR

K5 JRENId e

Fig.5 Watermark attack process

N T AP AR DK R s vk i BGBOR
F 5 IR LS K BRSNS AR BF9E N B3t T
WMinit, WMneg Fl1 WMedge 3 FiA5 4

WMinit 255 VAR 3l 1 7ER) iR A Rk
B[R9 R B ALK ifp e A J B3 T i 1) )

x=x+AX(x>7)O0N (2)
A, A RIRIKEN IR & > 7 R IR LS FE R K
B DX A S L

WMneg 240 2 FlASR . H 2 A0 R AU
B BB HE TR RS AT pRBAE B,
FEIE AR F AN, BRI A 2 R R AR
iR ERBAER. EXTELRAOMTE S, B

AR R ETCR TEEE AT 55 ) I, R
IR B T XUREA R oy B4 3T 43 . Clip BREL
TR B BRTIAE e OB RN, B

x/,, =% + Clip.(a X 2O min (0,sign(g,,,)))(3)
A, g ol

WMedge f& 45 3 R AR IR . i o A8 2% T 1k 3R
SCF X, IR K BN B0 XS R il AE SCA i 2 F L
X HUREA B RO T R ARAT ENHLAT BN V5 M, 18
FH—A3 x 3WFIE A TT RN N ko BAR

1 x@k>r} (4)

Qedgez{oegedgeloz{o x@kér

Kb, SfF SRR IMERAE .



$29% /98 /2024 £9 A

WYLE, BHEK, KAE, #FE, X8
THI [8) 3L AN IR A B9 3 HL i AR I 47 3R

Chen F1 Xu (2020 ) FIWFFE N4 T 5119 OCR A
AU 7 — R PR X UK ER et i, i b S B
TR B BYR A A SR XS BUREAR SN . A T
3FPARAR, i — PRV TS [FK BN B O Xy B
RORFN A SRBE , NP 9122 AT 55 b B X B Bt i o
ML THESE
2. 1.2 JTCHARER PLH L

Yang 55 A (2021) B 8IF 52 32 2248 i AE G H AR IL
iy b, BE B HUREAS 1 T 45 2R 5 D TR 450 A
TR 45 RAN R] , Bod SR R 1y o ZERSE R
T T HE R S HLE A ASTER AE A 37 5 SCA R B
R, ZREALR HI P 50 B 50 2 ST HESE , p 2 B 245 F
il T 5% 2H 1 o e Bt 8 ) ] R B 3% 25 I 4% ResNet
(residual network ) 4 HUEIGAREAE , 1117 fifk ich 25 DU) 38 21
T I HL A2 8] A 45 B 2% (spatial Transformer
networks , STN) X 43¢ A FE 47 [ 8 W7 Ab #3 H- H oe 2¢
SCARLER . Yang % A (2021) 7E X it I 557 SCAS I S
BRI AR rp SR T — AT R4 R eR L, e
Mol n [F T, SC s i Mo iR . BARSh

T
LI +8,y')=SxHx >max(d,0) (5)
t=1
d, = q' — max q'
Y EY

H = sigmoid(k X min {d,})

s=TTrr)

X DERARIR, y' =y, sy ) TG A Y
HARbR%E AL B e, it as i th 45 2R 2 y,, 6 72
TR S, q 72 BT AT 200 1 i logit [n] 5. BEA IR
Sl 3 80 S A R 3, B8k %) R U A N 3 2R
LCO)WAHRIIE K . BAh , H IR AEAT AT — DT 75 52
NI i, PR R B A T SRR, AR
AR A fELASE S AL T 68 R 5, DT 9 A2 B 4 O H
PRBGE R

BEF B2 ) SCAR U Bty 2 A 4R FAWA FITE
HAR T & D HLH 8ot Jr ik o FAWA I R T
Calamari-OCR LAY, JFAfi HT By SCA A= plt e 26 B 5K
P TR . A2, JC H AR R L e
MR T ASTER #5 2 F1 5@ FH 3 5 SCA B0 46
FAWA Tt 75 b i 200 3l B A /K BN b, i 8 H AR
iR ML Yok S 2 0% AH AT e T — e Gk
(ARG R PE o

TR B Y SCAR U e (9 O 2 1 SR
b AR R A RO U REAS . i o A i i
Xt AR BE , B0t 35 A AR E] — ATy 1], (AR 1Y
i O 25 ELSCAR A o XN AR IAAE T K
TGRS 0 T 2 s B X iR AS . (E Ry BR
PELAR B ., A7 () R 2 A sl S BOR AN B , Bty
RORAT e S 2 B PR
2.2 EFRUMIARIRABE

FETRACHY RS HOREA LR Oy 12530 2o SR g A )
Ok SRR E AP s . RARHAZC B2
fDRAEA ) R, fELIH 5 R PR B2 R SR M, G ot /Mt
AT SR B I F BB 3l 1) L B I A A
2.2.1 BEXSCRS Y OCR XHTREA T T

Song Fll Shmatikov (2018 ) 38 1 X 49 4 SC#%4 %
B SCHBUE W 1 0 SO i Ak 8l , i) b fif Tesser-
act i 1} 84. 8% WXL SCA o FEA i HL - SE AR 1Y) i,
TR TR b Sl B MOCHEE B, A H
BRI, AR K S i BAR) S H R SR
fff OCR % th 1) 45 3R 5 J5E 0 SCRS &% SORTR] . it Ah
Song F1 Shmatikov (2018) it i —E S, OCR RGEAE
i NLP (%) SCEE2H A, SN0 R B AR AR R S | 52 i)
NLP RS o R R iy 8 A+ R

rrii,ncXLCTC(f(x'),t')+||x—x’”i (6)

1 € [t 17 R HC HBATHL A I
FERY FH A R 0 R ELSEFRA 0 y BRI A, 6"
XFPUER . MEF 5] Al (6) Tl

a X tanh (w) +B) )+

min ¢ X Lorc(f(

2
aXtanl;(w)+B _ (7)
2
,_ (@ X tanh(w) +B)
2 (8)
« = (xma,\ - xmin) B _ (xmax + xmln)
- 2 P 2

AT — A H LR w, I (a - tanh (o) +
B) 2 TEARALINIE] [ B R AELI T

WFFEETEA 8 NLP AR 0B SCAR I R 17—
AR B UL B . NLP 288890 M h, o B E N
NLP 7328 4% h BB A, flEA5 2 (e) B B0 2531 45 1E
B A (O . R T AL, i b 2 —A —onar
i, e R (o) JE 5 A3 IS0 IR A 250 1 Al EPE 1Y
Py B PR BN SOAS ¢ A BT o Y B AR A
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SR 5 VPR B R AR W i A w 5 W R AN 2
(] P19 i 4 P 3 /N T A WL v B T 1 R A
VILEA O SOA UG I TR N RSl . HoK
FI A B AR B e IR e AT TE r Eloh B T i 22 1k
P HESN , B A0 3 6 AR NLP S Y 3 5 HL 52
Wi 3 3R] o SRR L PO SRR B O ¢ il i
e ELEZ )AL R A () o
2.2.2 T AENAE BT

Cipolla 55 A (2018) 2 ) T — Rl T [N ) 24T
55 B 7 B AR i PR FIA RIS B o M AR 25
Bro M TE—NGE— 1Y VIR 2 I HEAR rp oy
AT 55 G, TETE S S 43 # FOTR L [l 5 55 T
T2 B T Bt I R i RS SR, S Ay v 2 %
TR 2 4T 55 CanEUR o 26 (Eg A38D  OF
ANREEALN T 880 % AT 55 i bt it

Yuan 55 A (2020) 4 % 5t B i 0 —Fh 24T 55
222 FF ¥ Cipolla 55 A (2018) #2 i 1Y 24T 55 AU 1
BITEY RBP4 2% > v R S s OCAR I E
%o Yuan 55 A (2020) 38 o F T E 55 B9 A 6
FETE, B ) HIE W 24T 554U, o Tahi R
ZH FARh

—log Pr(l'lx") = —log (Pr (7 lx") + Pr(,lx’)) <

1
2(log Pr (7 lx") + log Pr (7,lx"))

o o o, SR B AR ) T R I AR

WA 4 2 RS L 15 JE
L (% x") N Leve (2,17)

2M7 nA;

logn — (n - 1)logc

nA;j

FESEH, CTC 45 2% B2 AR DR o Bt/
PR el 20 A R AR R A O R AR o /)y
6L F5RA BT AR HREA . BNy

L ! ! ! 1
l(x;x ) + ZCTC(xZ’l ) +log AT + TlogAs + —
A A A;

(11)

o, o ARTPUREAEIG A, ESE SE 90, A, R IERR

B, EEFIRREL = (1,1, -, 1,}, B FHIhR%E
U=l (L= ),

SR R RN, [ N U TR 5 OCR B

£ BN T R T 99. 9%, I 7E A K MNIST

(modified national institute of standards and technol-

- log2 (9)

L< +logAi +

(10)

TlogA; +

ogy VEHEAE F LT SR
2.2.3 s SCARBEOIRHL L Kt
Xu 55 A (2020a) 5% 375 57 SCAS YUY ] 4 6f
PUREAR  IEX DA SC, IR B A —4
ek, Bkl
mxln L(x',l')+ AD(x,x")
st.x'=x+8,x% [0,1]" (12)
XETF IO I 205D (. 2') = | 6 [ I
B 5 X HUREAS Z [ 1Y L, JE R 2, L(C ) )2 B i 4R
B BRI, X AN [R] 1 37 55 SCAR RO AR Y HLAT Al 22
S AEHT ML) D) BSE, HORT R
EHos W i A AR . N MIEER B/ AT]
PATEZS Sy HOo bkl S SOt i)
CTCA ALY H AR Gt i AU pREOT DL
1
m}n ((~log Z maxp(7'|x")) + AD(x,x")) (13)

7' e S(l")
CTC o5 AR & I TE bRk 1 £
A BB R S H
min ((log > maxp(m'[x')) + AD(x.2'))(14)

7 Es )
attention-based 15 %1 1) H 47 2 11 £ % $1 2540 5
B2l H bR
min (max (<logp(l|x,1;, -, 1)) + AD(x,2"))(15)
attention-based 15 2 1) Jo H A5 =X (1 & % BT 5t
SR AL H e
min (max (~logp(l/|x) + AD(x,%")) (16)
Kb, plar'| &) Ko TE AR P A 2500 i A% 5 A%
' BIHERR . TE S LAk R EURTA G A pR B8 53 A v, )
aho &AL, HSHEH., T MR & EIEL
PEE et BB 2R R AR R Sl 215 R xE . 48
M7, 76 2 R RI 25 FI S 800 A & BGhE  F  H
BEDLES B2 N Bk B B AP 3 o, I 44 Hom 21 )5t &1
R RS 1207 AR B 102 PGD B iYL 7%
IV
2.2.4  FETAREEHEL XTI A B ol
Balkanski 25 A (2020) £ Xf OCR & 4t , #2 i1 T
Scar 1Y MR G ik FLEHE UM B , i@ e
FAFF OSN3l , 12X 184 4 3l Bemt /e 45 i il
{RIZ 7 kT ERR B ok ik T o3 e i o
R T FEAK A R B, Scar 1L L SETRAS BT HAE
23 [a) ] E BRI R R . A H P —M&
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FREABKMI S, WBIZE R, T A A
BR . HIABRRI AR K% BRI G
FIXEG R ER TSR EXNES T, Tl
A 25 2 A5 RT R, 902 A FLAT S R 2 O
R MRFH LY T Scar FIL , WIT T H X5
HERY S SRR R e W Wk O v L Tl A R B g
W 1) A B0 SR JC B 2R 8, AT O A T A R
3.

TE Scar J % B9 3L 4l I, Bayram Fl Barner (2023)
$#£ H5 T EcoBA (efficient combinatorial black-box adver-
sarial attack ) i B & I i 7% . ECoBA ik FE i
PR ER 3 AR s IR S A D 4 Bl . 3K P 7 v
AT A5 S AR AR sh i T 3. ksl &
AR E SO T S s T AR PR S U R R A SO
IPESE 8278

argmiinF(x+wi), ||x'—x||0<k (17)

B S — ML ki 5, Hoh « 1 BT
R OCRE) B 1(HE) ., AR sh, 24
B S OREOOGR MBI ER . iCs8 M
TEARZ BN N oSS AR PR RE A 52 A, -4 45 SR HF P 1
FAAEF S B A S BRI RN AR R RG] idh
Do B NBAYHE AR EREERR N w,, Hh
IRANBRRT . BRI, kR BR R
i, HPXWHHEARS =5 +w, W e =x, - x>0,
MIRAESE i NMER RG], AN, A f Bk 3T —
MEER . =R N

argmiinF(x+bi), ||x'—x||0<k (18)

RS R s BBt . RIROIF:
B SC BB OBRER S EUR B PSR
N B B R AR R LR N b, AL B E
FECEFERE TEMBREITE . R0,
MRS DR B RAFAE b 12 Dy

ECoBA AT A Ay it 4 0 432 Dl 32 2l 1% 2585 1
¥ D F Dy, G IR RIS M A0 R Do B1A0,
D PSS VATAL S B i 1 € XF 0 a0, R B, BOAE o X T
k=1, BB S0 T w0, F1b,, T BUR
O (B HO)BRREERAE G2 Wi, L,
WECRAT Bk B TR kAR DR T Y
TR, kX T R AR 0T A B8 R B i i
2.2.5 BT AN 225 A Y R & it

Xu 25N (2021) 48 1T —Fh 2 T 22 r AR AL 5k

(differential evolution algorithm, DEA) B &1t 7
2 il e MEBR R T HOR G Y 5 OCR UL
DEA 128 —MEEHLIFAT B R B x4k H bs
JUFTEHTARBE , I BT 2R B AE B, RETE = 425 1]
R AT AL A S L . H DEA
R A ), 1] BB 27 H PR AR Y B A i) YO
2. N Tk DEA, AR L T oh & 22 ik
At (dynamic differential evolution, DDE) , ‘& HA N AF
R AR H A i OB D R R A . DEA Gl 24X
FOH X HU a3l , 107 DDE 38 o 32 A4~ 5057 X i 2l
REAS N H W BB 25 5 B A Jmy BB dee P, LI 5 FE IS AL
Ko Xuf§EA(2023)%54 DEA #1 DDE R #, 42 H H
1N 22 3 #EAG (ADPE) J5 v, LAV 14 g | B2 A A
Y.

AD’E AL 4538 N (A8 A8 L Rk 4 DB B
TEE I B B ZEAG T 2 B — AU A HAT “ R %
E711 57/ PR B TUDIVA e 1= T A R T S AT e
S $ T H AR e U LA sh i X A ATt
Pt S S O I R X B sh . BES  EEERY
Bolt B gl > A SR 21—, DU s S
SR, 0 R R B At 24 i — AP A BT
B R XSS, R Bok AT g A B, AT
s AT ] o AEpL At AR b, 0 SR N P B Bk
PR R R O AR AR B L IR 28 BBk Y
R PL A A LAk i AT ] AR FsE B B
TEVRZRAY R 5 0], T L P PR OR A 7 0 B2 D f
UG T LAE— 2D i
2.2.6 JEHBIEIEERZ SN T

Deng 2 A (2023 ) 1 Hi — Fof i ] By 0 Jie ¥4 22 il
4N T (universal defensive underpainting patch, UDUP)
A WL SRS, X R HLAR AN 2 B BERAE AT, 2B 2L
AR EURRYIR R 2l ol kA Ty 2 st T
— AN E R/NHY BT AR T, BT LA 2 Fil RO 1 SCA
UG AN E S IS il o 3> SEm )l ke 2 A
12T, BIFA SO At p SOR HEAT U], T2 )
PG RTRAT I SCAS R HE ST RCRVT A , X SEAE
ZRICIEERA PR IC SO X, X RGO ik 5 AT
M EARNZS RS B ARE 4 T0C i A T4 L
A PG AR R A R E R B T R A R SR

W 2 Frm , Xu 558 N (2023 ) X SCA U ) 3 22
ik Jy ¥ 7E 1C13.1C15  TITSK . CUTE $4i 4 Bl AT
TR ILE, HH SR (success rate) fRFRICH U=,
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LRI R S M LR Z 81 L BE R . 4R 3%
W FERE TR S RO R B S LR, ADE AT RESE
BT 9 SR T AR A SCAST RN ety A T 26
TR TT I, B 5w A 2 e R o) 1 R

XY Eh . EALRE RS PR AR RO AR
i Hoal AT A F RS A Tl , AR B Ay e
AR R AR o X5 12 B R T g A HC A SCAR U
ks o B R

R2 XXRANEERHHFEEELR

Table 2 Quantitative comparison of main attack methods in text recognition

IC13 IC15 IIT5K CUTE
i AbRiay s

L, SR L, SR L, SR L, SR
Yang % A (2021) ASTER EF - 100 - 100 - 100 - 100
Xu % A (2020a) CRNN H& 2076 99.5 113 4 99.9 1845 99.9 2054 100
Xu %5 A (2020a) Rosetta H& 1899 99.7 1131 100 1709 100 2135 100
Xu%§ A (2020a) STAR H& 2176 96.2 2290 99.7 1916 98.1 2290 100
Xu % A (2020a) TRBA He& 2244 93.5 2346 99.6 194 1 97.1 2346 99.1
Xu4E A (2021) CRNN B 7 98.0 7 99.4 7 98.3 6 99.5
Xu % A (2021) Rosetla A 6 99.6 7 100 7 98.8 6 100
Xud§ A (2021) STAR B 7 97.7 7 97.6 7 96.7 4 98.5
Xu %A (2021) TRBA Ba 7 95.7 7 97.2 7 94.7 7 97.2
Xu4§E A (2023) CRNN A 5 99.7 5 100 7 99.8 7 100
Xu4§ A (2023) Rosetta R 5 100 7 100 7 99.7 4 100
Xu % A (2023) STAR BE 6 98.5 7 99.0 7 98.1 6 99.5
Xu4§E A (2023) TRBA B 6 97.5 7 98.5 7 97.2 7 100
T DR AR SRR Bt I AR MR AR Z 2R, =7 3R TOAH I 296 450488
2.3 BEFHEBMXARIRSNBEE EV)

HE BT 45 (GAN)TE SEDU 7R XA A IR AT 5
TR T B RH BRI, el A R T R
TE A REAS SRR G AL A5 25 S B, MTIT 22 5 OCR 462
TR EHENE o AR O BT R 45 i A i 2% (generator ) I
H 531 45 (discriminator) W 7R 43 20 . A= s 3 Wi e
B BEALME A S A, AR RO T LR T XTI 2R
Ao ol A RGP 1) o A 2 i LS R R o A 38
B A 45 00 H B9 AEBRARNS OO T, F 0 g A A
I RE IR B TSR RS o G 78 AR X R 4%
P A s R 531 65 R AS IR M B S 2, T LA
B FLY™ T DR 25 A A RS BT I 265, A A% o) I 265 B S
X6 BRI G AT DU AT AT 2 B p) A Bh A5 5L, ] 6
IR

TE AT AR BT 2%, So i BEALIGE A5 16] 1
BEINAS SLVER B T2 LA PRI G 2 o DRI, A il
55 i 22 ) e X e it B AT LR DA 450K R L

Lo (G, D) = E,,Np,<x>[10gD(x|C)]+
E. pllog(l = D(G(z]c))) ] (19)

A, o R IFEIR ER , G 2w A Ay , D 2 H 5
fiwo P (2) Fs HRE ; P.(2) Fs AL A5 50408 5
E 7R T hRo A (5 BAH 5 ¢ 2 7m MR B 5 A2 1A
I 1) 5 28 5 b e /N A T e A XA 40 2% e B, i
ORI E LA ) L Y 6

oI T A Bl 2 A5 M 52 4%, U7 A 3h A
AT 55 55 HA SO A AT 55 Ar 7 W I 28 5, A 3
SCH AR Az JASE R AE L BN T A il I A
R, BUF PR AR L A R EEmT I 32K

DT AL r 7 % o D7 I 2 s
Az AT AU BT, SEBRUAR RS

2)FE TR BB T AT ik o il ) AR
PRERE AL , A2 SCRAT 5 E R AR DU

3)FET N AR RS FFIEAY T vk o lad o]
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THI [8) 3L AN IR A B9 3 HL i AR I 47 3R

PSR IR T RS SRR AE 1 28 8, 3 2T ik ] AR Al L
AR RS RN 2 LT

FIFH GAN Az 5l 22 Fp I KA , AT AR IR OCR 4
SR IR BB ROR o 38 A R T A R
PRI, e A B SRS R R DR 40k R A
LB 1 7E % ) itk 22 B R A b B 1R 3 3k O I (1
B BEAR KA B AN R KUk E AR T XN 2R, L
AT OCR AYPERE .

%%%%3/7 HHEID Hlifg?

B R i
B L7 2 HIHHRP (x)

K6 CGAN 53
Fig. 6 Principle of CGAN

2.3. 1 FETEE B DT N

H T TR TR R A G2 T
LT, Feng 28 A (2019) #7140 & A IUF
P55 e A IR A5 A B 2R o S st PR o U
AL, A AR I 9 I 25 30 1, AT RN 2045, T
PLARAS B0 RS BT 7 o R B D7 TR A AR — S n] 8,
N30 KA [ 52 A 5 BT T RE S R AR K/
A 275,

Xu %A (2009) 48 TIARIEE 7k, L2 2K
T RFR BT I E A T AR RS
WA . Zhou 5 A (2011) 42 H T BT3B 1 41 A
7, StrokeBank 3 15 B A M T 1A 2H A4 e 5 1) - 5 X%
N IRA Ao Lin % A (2015) 11 T —FPEE,
AN AR IC B A7 B AR /M S, e SR U 2 1
b i BARREU T I A AT o (XS IR R T

A PO T3 AR R I HA
F14) B AR 7 AR B 5 56 119 28 I 2 JBC 25 SR I 2 AN T
WERRIY o Lian 58 A (2016) JF & T —> R GKR 537017
A SE W ARANA S, B T SR, R R
JERET X S AR R 8, X T 5 S5 B
L EA B RIRAR2E 57 10 T 5 AR IGE
2.3.2 TR E

T 22 PR RO AN HAR VF 2058 A DL )
i FH XURS 8 3% e 2 O RS R 5 5 o 9 4, Tian
(2016) $2 i} (1) Rewrite T DL 25 5 - 4F AR fE A
BRI R HARFER . 2i22 R0, WK 7 fis , — 4
LT pix2pix BRI T JRITH L 455 T U-Net 2244 71
XTI, i FH AC-GAN (auxiliary classifier GAN)
(Odena 55, 2017) 1 2 & S K fiff DL 2B 174 1A AL
¥ 55 H AR AR A —ZCR R, (HJ2 X 2875 1 01
A EAT B IR v B R

TE GAN FUHE BT, T LAAS B S Jis R B g Joit o
B ML . Jiang %8 A (2017) #2 H: 9 DCFont (deep
Chinese font ) 7 A4S FEZEL 4, 7 51 & IR R AE
A KR AR U I 2% . e P R R
LT, FUERAE AL 9 453K A T A A A
AR AR AL, AT A% 28 190 288 105 ) A% 1) A
B S5 PR 0T B PR A R I ) T B AR
UGV 22 B T 2T CNN 1A A 1 1 45 LA
RV E A GRS (L SE PR FHACR I AN G-

ORI b CIF e 20 RN AR S i )
DU A0 T5 ¥ o Jiang %5 A\ (2019) $2 ) T SCFont
(structure-guided Chinese font ) , i 13 14 4 28 jmj £ B
P T DCFont, DLHE MU A R 2 i

FRHF RN

) SYEEES
HIEL
A

-------- [ TVA
R
ZH/0 Lk
SIS

7 iz S5
Fig. 7 The zi2zi model
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H R A S S5 . Wang % A (2022) 2 H1 9 Attri-
bute2Font H 45 1 & 514 J& M (14 45 2 {8 2E BURT 1K
AT IR MG, ) i s 1 i o e i e
J& Z AL HRAT SEULNER AT B R

BIRIETHEA DU E O AR P AT 4 13k
IR AR S 0 AR (AR 09 S8 T AT
(9110 L 3 s ) 5 D 5 1 R 1 SR
FIH R R B R A5 (P, X TR AR, 55 2T BOMEE
TSR, 3T B VR T I 46 578 7 Kb B R AR T
ARAGI , S E 2 A AFIEFR R RE ST IR
2.3.3  SET AL AN KRS RRAE 97 15

Wu 2 A (2020) 32 H 1 CalliGAN , 8 33 43 4%
S 2RI AN 64 0 2 e O 215 UL, S B 1k
U AR RURS 145 R AT Y SHE

Xie 55 A (2021)#EH T DG-Font(deformable gen-
erative networks for unsupervised font generation ) , HJ
TG W R R AT AR T A SRR 4 o P A A
B P AOCHY I, I TR P G 2 >
TERE . AR PR R — A7 1 2 B A X R AR
ATk AR TE K, R4 Y FDSC (feature deforma-
tion skip connectlon)ﬁ%ﬁ% FIHIA] ST AS R N 4543
SCHEAT ARSI, IF-455 XM 73 SR HRAE BEAT H AR

F FEA2

FEA3

FAFA . Yuan 25 A (2022) 48 H Y SE-GAN (skel-
eton enhanced GAN )il &1 & 11 F SCFEMRG R IE R T
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