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A Multi-Modal Cross—Domain Style Transfer Method

ZHENG Meijun, LIU Hong, XU Dahong, LI Xi
(College of Information Science & Engineering , Hunan Normal University, Changsha 410081, China)

Abstract: Style transfer aims to apply artistic style to original content to generate innovative works. This paper proposes a multi-modal cross
domain style transfer method based on the fusion of Vision Transformer (ViT) and Diffusion Transformer (DiT) to address the issues of insuffi-
cient category attention and weak cross domain adaptability in multi-modal style transfer. Firstly, a unified framework is constructed by concat-
enating ViT and DiT to enhance the collaborative processing capability of the model for text or image modal inputs. DiT’s deep and label exten-
sions are utilized to achieve cross modal feature alignment and solve the problem of modal bias in multi class style transfer.Secondly, improve
the self attention mechanism of ViT by decoupling content and style features in the deep feature space, and achieve cross domain style adapta-
tion through a parameterized fusion module. The experiment shows that the proposed method significantly improves the diversity and artistry of
cross domain style transfer while preserving content semantics. Both quantitative indicators and qualitative comparisons are superior to existing
methods, verifying its effectiveness in multi-modal cross domain scenarios.

Key Words: style transfer; multi-modal; cross—domain; Vision Transformer; Diffusion Transformer

SR HUTRERE AL U TF 98 ik 2 A T XUAs
1 28 KRS P I BIF 5T, o 22 XU LA B S To) JXURS 1) (1 5 3o
B ORI T M LA P 2 L 5 RUR 3 T
A% iEH (Style Transfer) 5 7K H AR XAk L8 2 IR A VTAESR , B Y (Diffusion Models ) 78 15 3 9 % K14
FEUR A ik Hal LB AR R B i e 1 AT T SO S PG B A AT 5 o B R
PR ZAROME SRR AR 28] T Y B XU AR SR TR . AR RIS R B S IR
SR, IRA 5 B ATh THI e T R AZ O PR AR — i AR B —, WEIERS  AELARHSE RO XT I A 1O 5 17 T 4 PSR, 2 X
HELLA RO SOAR B I R A S ER LR RAE D = B, BOBOE T B R R O R B S IR R

il

0 35

%5 B8 :2025-06-23

EER N ARER(1998-), %, A @FERFRELAFE TRFEMEMT L, FFRF @A ENE A4 31 % (1963-), 5,
e, AT ERFEEHAFE IEFRERE BEEFT IR T OAIALITR FRERE HREO971-), 3 ,HE,#4
BT RFEEAFE TRPRINMIE RLAEFIT,AARFTOAMERL KEESF; F4(1981-), 5,8+, #HHIFE X
FAZOAFE TAZRHIT, AR @A EMALGE KT Rk, KB A,



28 1

IBIH X AR, 5 - — T LS U A XA S 7 1 - 165 -

P RAR B 5. Diffusion CLIP i 3 CLIP 4 % 52 B SC
ARIR BT AS , (FAT T SRS Y A T RURS 1 5 I
B}, Transformer 2244 () 5| A7 SR 5 AR B9 28 B P vk & . DiT
(Diffusion Transformer) J Transformer 2844 25 o [ 3 i A5 754
F1 i) U-Net = T M %%, 1EH T Transformer £E I8 455 25 X 55
15} ‘@kj]“ﬂ o DINO-ViT (DINO-trained Vision Transformer)
DUV Jb B 2 2T ARAR SRS SCRAE , Ry P25 IAURS AL A R
FEAE T T AN KRB, Splice J7 15 F W, VT (Vision
Transformer ) % 288 71| 4> FfL AT 20 B 42 Jmy XUAK AR AL 1T IR J2 25
[ REAIE A AR LB P SRAETH SCPN A, DTy 55 BlUXUAS S 78
BESE T HE LRSS

BEXS b3 [R) i, AR SCHR H — b 2 A 2 s U XU S
77 DVST (Diffusion—Vision Transformers Style Transfer) o
POTEN DN 5 e S — 1 SR — R IR
A A2 H] K DIT 5 VIT B R P, A ] DIT B RS X 5%
B B AL BRSO — EHR I 2 Fhdin A 20 G, S i i — R
AR A BRI o U, £ VIT T2 HFAE 2 [A] A DINO=-VIT
PEICEIG B XS RAE 5 N ZRAE, IF45 6 WA — Bk
55 XU 3 A5 R 0 A A it R S92 B SURR AR Y SR
o mJa BT ES A @R, IR0 SR ]
Gt — SR AL BRI KRS — N 20 G i B AR (i
YT 5 SO BV AT (A e B 1 P A UROR A R T T
ZALRE

1 XTI

1.1 ¥ EuEsE

PO RS PR LA i 1 e O ok LS A LR g T AR A5
PRAT A R R S 3 T AR AT R I ) g AR R A A
o TR SR el R A 1 MR P A AR S AR R
it 3o i DTS A MR P 2R TR A . AR U, T IR A
M I — A REA R <o, B L e [, ., TP RELIE
B—BF 1] ¢, IR o 5 Ak SR ok I 1o o K x, % AR A 1)
WARGY TR, P ORI RURAE— BB B, € (0, 1)
BINE x,, 58] xo EASRERNT .

x,=\/§xo+4/1—§[a (1)

HAr,e~N(0,1),0, = 1 =B, Ha, =]\, a,EWT

F MR R I R R UNT

o1 B,
%, m(x, ﬁ
P2 P28 HT T A TR S o 8 e (0 0) , FL AT R O i
e Ll 5] PEL - 1Y) 3B ek R
1.2 Transformers i &
Transformers J2& —F 5 T 1 1 52 7 ML 09 TR BE 2% > 11
TR SRR RS SR A AR . VIT (Vi
sion Transformer) 42 Transformers 7F 42 45 388 1 o FH , 7 i

ag(x,,t))+a',8 (2)

A 2 R FH Transformers 2244, {H 38 T — A~ 4 1 4b 28
HATE . DINO-VIT &3 F VIT i —Fh 3 B, B 4iiE
HHRENE 2% > s K H A B UM /R |, TEEUR K R X4
3 RN HE DL I 45 JLI0 R AT 55 o B T AR At R
DIT WU FH VAT B 4 1 2 M 7 e 258 455 70 vl JE A 1 ) 2% 4
P R T —Fh A il Y R A B s R

Z g T OB SR R Y i B KR A e ), BT
Transformers F5 #2244 , K 5% DiT . DINO-ViT Splice bil
R A EE T DVST J5 ik o A SCKE DIT B8 Hl ViT 1 k
D) Transformers A5 fESEH #E4T B R P42 | X 55 S04 BIMR 45
AR BAF D, IF SR 2SI N 28 BUXURS B A, DT
SCPRE R ) XS AL ; £ Bl DINO-VIT ) 77 5 i #4925
FUXUAS R AE , PRI 25— 2R A 4 N 258 XA 3 32E 4 7 il
G35 2] Splice 42 Jm [ CLS 14 R U 75 AR FRRAIE , D)6t
(1 AR RLYE R AETE SCPN 25 1 J7 1 P 25 F0 AU Rl 45 38 TR
JZ VIT FRAIE 25 (8] S i 3l XU 3 75, e A6 B T i
14 P 5 i 4 o

2 DVST A%

2.1 DVSTZE#MFX

ARSCHEST B DVST BRI AL A 1 1 i . 5304 17 R
K& E R I IEANR] AR SOy 1 R AL A AR B D%
RS H A IR AE S B 55 X8 55 5 Q)5 Sl AU T2 7% 118 P4 25 XA
a5 A
22 BEEWAN

AT EZ DIT IR &, R BB 32 A0 % 52 1 fin
A A W P ) 5 B IR SO 5 RO RIS 0 15 B 45
G o WA LR, SCARBE St S 5 R EC S B FR 28y, -5
25 2o Patchify B8 b FRAT 51 (4 e 75 G, DL S BiORE AU fir
s (I 1] 454t — 2 2% A DIT Blocko DIT Block 2R F i 5
adaLN—Zero 4 1l ) Transformer Block, 2LEZ N 2. Z )G
2838 Layer Norm )22 , 7E 5138 18 (channel ) [ X &R A
TrbntfEdl, (iR E B E R 0, FrifE2ZE R 1, e
Linear )22 (4215452 % % )2 ) Fl Reshape |2 AT 2 P28 4,
H i A B S B B L 15 8 32x32x4 YIRS . R
i — A vae [ decoder B 1Y OB Mk FS A AR I RGB i 18
512x512 A4 b ] 18145 (512x512x3) {8 T W 50 S50
G55 A AT DI R AR A R T LR R RS By
R R XA TE S AT 55 1Y P 28 FXURS 24 38 8 S0 (EHR
W RIEIR 7 R 4 DI TR o ARSCHE T 4R NS —
KA AL A, i 2 i . B e R R —EER, N
255 A B R R PR AL SRR Al G R N A R B N A 2
4 5 Y5 XURE BRI 2R KU 5 HOE: R —S0AS , WA IR
T OCARHR (SCA S S LA, AR B AR S5 M A =y )
AU 5T 2 7 XS PRI (B AR AR50 KU ) 5 FR S SOA
—EUR , NE T 2% WA EMG (BEAE AR 5 254 ), X



- 166 - L QRO |

2026 4

Nx
T 75 9
in H
32x32x4 = @ o "
. N . [E g 75 N
— DiT L & 32x32x4 &
I3 i [ & 9 #
Bk P & ] A
y E3 e
iS

DiT-XL/2
(FRNZRAER)

AR

SRS > MR

KA A

Transformer %ifida%

“UDINO ViT
(TR

PN
(Lcontent)

_ I e
DINO ViT
(T ZA5E )

RVETENEEA
(Lstyle)

B4 e G O
DINO ViT
(T

Fig.1 DVST model architecture
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Fig.2 Implementation methods of four multimodal input combinations

B2 4#MSEEHANASHIRAAR

3 KBEERST

3.1 XWiRE

7R 3C Sy BE T NVIDIA V100 GPU, [ 45 {6 Fi| Pytorch
HEZRHEATHE 42, FIFH Python HEAT 42 . S50 R I P> B
£ — AL 100012850 Y TSR 8 <1 i T iy 2 I
K di 48 ImageNet, — o2 H C A HE R 22851 | 2 XA HodlE 42
Fusion (25 XUA&+75 W) o A S B 4} 3l BEALER BT
FIK -3 B 0 S 1 it BRI o A . B A T
R IR n_epochs {E M 3 000, £ )3 2 FH gradient_accumula-
tion_steps {H 47 4, IR0 S M % 2 88 log_images_freq % &
10, B HRAF > FRBEE R 0.002, 5K Adam PRALF L AT
SR . PO PR TR £ 40 lambda_entire_cls 5 lamb-
da_entire_ssim /3 WX E 10501,

32 gk SrhiE g Rk

P28 Y1 25 B ARG AU AL | P A i 2kt e n [+
3R o GAAAR A, B A AR A U Rk AR B, DA
P &, I oA 808 , HAE 3001 Epoch 4

& Lgss Yalyg

~
N ow

15
1
0.5
0

—_—

1 2 3 4 5 6 7 8 9 10 11 12 13 14
Epoch 0 300 500 700 1000 1200 1500 1700 2000 2300 2500 3000 4000 5000
3.12 0.697 0.65 0.523 0.36 0.2930.2610.2860.2260.1810.1840.1670.1750.164
Style_Loss 2.98 0.4990.3950.4150.3140.346 0.2790.2250.1930.1730.207 0.17 0.15 0.143
=== Content_Loss 0.04 0.0390.0460.042 0.04 0.0350.0470.0440.0440.037 0.046 0.044 0.038 0.037

e Total_Loss

Fig.3 Total loss, style loss, and content loss in network training

B3 Mg i SRk A SN ER K



- 168 - oA 5 A

2026 4

W S R A b, AR K B TR E L 20 0,69, 7E 3 000
Epoch i, S 451 28 i 0d /N1 0.16 4247, IR 51 2 il 2R B 2
PR MR 0N 2 0.17 2247, WA R 4 — ELORFRTE
0.03 ~ 0.04 22 47, LA [ UF B A SCHE H 11 90 46 2R 55 31 T 7

I 28 Y1l 2 1 AS 6] Epoch T A& B G Hf 8] 145 25 S 4n 15 4
Fis o MFRA R, NZE BRI : WA RR XA
IR A Epochjﬂ300 500.1 000.1 500.2 000 .3 000 () i)

FMGZE R . v LI 2, 24 Epoch 13 & 4 3 000, T4 7 5 4B
C I L S G BBOR . S X PRI R 1) - R P9 2 AS TR R
A& Ta) XURS A [) A, A SO vk A0 I I 7E O B Jart PN 25 1
fill B T AR KA ERS . s — AT K
WK = AFTCER A AT LAY AT SRR S N
BAESABr B R h B A RO R B TR R TR AN
(] JRU S5 e e A 2 2 | 0 B A KU, A AT R RS
% HWESFENERZR L

Flg 4 Generated intermediate image results with different epochs

El4 R[E Epoch T4 I 8] BR 4

3.3 FusionHiFET R

ATV H W 7 I 25 Y B0 2k VAT A5 5 (DINO-
VIiT) M R AR SR B RS 1 . 1 8x8 b T HiL & (ViT-B/8) H fifi
T 12 2GR Z R AT GitHub B 5 F#. 2
JE AR SCHETF DINO-VAT 18 SCHUI , Ph e o SR A | 320 553 ol
1) R AE R 2 S XU RS . TGS A48 jpg L jpeg . png
3Ff, BG4 BE 3R Ll 256 ~ 2 000 pxo G TR M
BRI A IEEEE JFEA AT REA B T A I Ms-
COCO ¥4 % (AFHQ %4 % . WikiArt £48 £ | Flickr , Pix-
abay L ALAF o B AL FUARE HH TR 11 40 25 (20 XUA% +20 14
PR ZE 10025 (25 WA +75 N2 ) o Hor, KUK A 45 7K
BT RERES KR I CTVEE R OB T K
AN I ES K 22 NI T T =TT T TR s 4T T
2 CCER MR FE i s RS 218 E
8 ENARUR EFER S KR N SRR
TN ANY) shi Y ER s, W S R, T
DAL 25 A T) AU AR [ L PN 5 AS T XA A TRD L P 28 S ] LR R
] 1) 3 20 S 56 v, AR SO vk BT g T 45 P B Bk v 1
P XAG TR AT 55 o, 0 UF T AR SCR L 1A Rk o

XT3 9L 40 26 5 100 26 Fusion £ 45 U1 249 DVST

CER $j€ﬁL R Gram i FF it AL SCHARRAE DT i 1B (XUA%S
AR 38 1 25 K AL (Structural Similarity , SSIM)
FRES AR (N 2R PR FLEE ) o 7F 40 ZERIBE 15 100 28 RS
(S 25 5, 23 B IR S0 M FEAR AT AR5 . 3 1AL
B R AN DR B2 B A P 2 DR L, AR
A PRI SR T AR SRR P RE A R
34 FMIERR

R T A s A R DVST D ik Bk R R A SC TR
T e R E e bR . %5 SRS DVST Bkt & 28 3
A AR B B SRS TR T A O AT 55 AR PR AR 1 1 T
ST X LT I

(1) ZBEEA R, . FID score f&—Fh FH T 1EAk
Az PG B 1 BE AR, B T T IPAG AR £ PR A
FE " AR

FID(p,q) = |, - 1, 2+ T,(C,+C,-2/CC.) (9

Hop,p R A FEBI 534, g o8 A LR 1 43
A o g, R, 53 50 7% T A 43 AT REAE 1) B (0 ME, €, F0 C,
GNP G0 A RRAE 1) B A B 2250 B, T, R K 1Y
WIB R |- |, Fm BOUEAFEE, W TS K,




g2

8 1 LSS e

T ARRE 55— P RS I GO AR T 7% 7 ik

< 169 -

(e)

Fig.5 Experimental results of the expansion of the Fusion dataset

B 5 Fusion#IEET BLIEER

Table 1 Comparison of styles and content at different scales

R1 FEMETHRESHELR

FERHA AU 35 1 AR LS
4025 0.7423 0.745 4
1002 0.7856 0.791 8

I Ah, SFID (Sliced Frechet Inception Distance ) /T 7 & 4
P4 1 o R EL S PE 20T IS (Inception Score ) & T 3F
il A AR A B PRV 50 i AN 22 RV 1 — AN 2 LR AR 2
(2) 5 WA 1L 7% B i 374l . Human Perceptual Evalu-
ation J& 18 NG BRI S AR B 45 , 3 1o 2
PG A RS SRS 0 M A 0 452 45 A D T AR S et
PP FEWTE Y, NI A 8 VAl 2B TR AE N A PR

J3E 55 JRUAR — S0 T T 118 2 B, 5K 0 T 96 TE 22 26 31 5 el
(VAP Wo ik
35 FHIETEMILR

A S5 5 Splice . Zecon , DEADIfF 3 Ff XU 124 Y
Sy RIEAT TR . Horh, Splice S — i 48 L1 XUAK AT
5 i, T ER RS 193 SCRAE , A] 52 BE IR TE LA
ZI AR Zecon f&— Bl 2 BLAGXT H A 2k D ik, T
B SCA G | ARG AMS RHAE , SE B REAS S5 N A ISR
AR TR 2, DEADIff & —Fh 28 B 3 sl b BB ,
ift R PR 7S LA AR I PR 19 IXURS AR, DA T 52 B P 45 XU
F1 e A A 2

(1) 5l — KU T B A5 R Splice Y HLA . 72V HEER



- 170 - L QRO |

2026 4

AR 45 AN 6 B, A B BRI Sy 4 418 - A A
R85 A RS S5 1 KRS B At AR vy A s XU T RN B )
14 855 2 AUl XU 2 4 XS U FNARE v 2 2 B 2R RS
ST P PRURS A 46 XU R R e XL PR 5 2 AR DU 0 4
9 XA B e o N2 BIAT AR KU ROk L N R
Splice BRI L5 S DL KA SCIRERIGE L AR SCRERY AR Jl 45 S A
Pt Splice BBY, 7EAH [ A2 ARRECR , AE = AN TUE N4
MIPRER B 2 B ih N MR B IR B0 U i A
JaifR B ERAR G Ml o7 ) BRI N AR S BRI A R
) 25 U XK STE RS RE JT . [ Z, W T Splice AR Y 15, 5
— AT IR ST I A AN RO A AT S B AR KUK T
RRR VAT A LR A h R SR AT R I
TRHERARB]

(2) 537G 3 EARNIE IR ZeCon FYLLEL . 7E
PE AL S IR 25 R AN 181 7 B , A BB ARYK Sy 2 2H 50
1 R B B Crayon (B 28 ) RUAK 32 %, 10 378 KL 5% B Y
Snowy (5 5) WA TR . WAEFILIKIK N : WHEER
Zecon SCF A% KR (ZeCon FERUZE JE A SURAI 45 5 DL ]
5 Zecon SCF AR R [R) ALY GRS o o AR SO
A B AR AE N 2 O B D7 D, DR BR 0D 3 4 A 1) L P R R
PP AT Jr 56 2 [E) 25 A0 45 2, s 78 KRS IE % 0 i, 5 — A7 240
PRI T Crayon XUAK (19 055 25 28 fi B g%, 2 — 47T HL L IR 1
Snowy KUK (AR BT S5 RCR , IR EF 1IN 28 5 XU — 20
TRELEE . T ZeCon A5 TR (1% 25 S B4 T Ry 8 1 ALK

M2 MR 1
Crayon
Snowy

Zecon

K AT

Splice

Fig. 6 Qualitative comparison between DVST and the classical model
Splice
E6 DVST 5% EER Splice HIE 1% L%

KL AE Crayon KU i T 2 T IX st 26 RUAR SR AR HT 5

TE Snowy KUAK H, B AT 30 155 11 9 B A XA A6 2 2 A
A IR SZ RN B B T DR

AR RS 2

Fig.7 Qualitative comparison between DVST and the classical model ZeCon

E7 DVST 5% #1%8! ZeCon HIE M L3

(3) 5 B A il 21 95 3% 75 19 1 KRS A 4 R B
DEADIff ) le# . 7 P LB i SE 30 25 SR 4n 181 8 Jit 7w , A |
BRI Ny 3 LB - 55— 2 AR R 2R R Sy WU S
% | Ostrich (8¢ 5) SCARME W NS 5 —HURE R A
EE A K% 2% Volcano (K I UARIEANESH 54 =
2 LA XU PR R AU 2% Voleano (I SUAAE R A
K2%, WNABIGHKIK R . W& ERR (N4 KR . DEADIff
BEARD 25 R DL RO SRR G5 3 . AR SCBEARY A [ DEADff #5
RGN OR B T SR 2 2% NS RIS o A 8 BT R, 765
— AT AR SRR AU TR B T DR B T RS AR
BYHE PR R S IR L TR R AR Y 5 KU

DEADiff B HURBA 13 B PR (0, EL SR 034 B XL
FERE R S XU A G 2R RS A R . TE N AR
AR S BT S SCA A i BT 8 Y B — AT, A SR
T OEEE NS 50 LN Y, T DEADIf AR LR B T 58 510
SR o EXS TS = AT I XU okl — B R,
DEADiff A 5 A SCREAI A MU T RAFRICR
3.6 HEEEBLER

FE5E B8 bR P, FID 5 SFID Lhfie/MbE R i1k H bx 1S
Pl RAE A B br . 555 DIT J7 ik , AR SC 2 B A% AT
B i) SCE B E A 8% 5 B )1 LATE class—conditional
256x256 ImageNet 2E B EE#E E 43 0 E L (W& 2)



5% 8 i FRSE X B AR 5 — R RS B U S S RS Jr 1 <171 -
e - F BB JRE 7 i | H 3 SC P 5 D img2 19 291 0 UK 7 A S 34
LA 100 5K R #EATGETT, REAR T 1004 407
4R T EECHE I L, AR ST IR FE ImageNet 2840 4 Fu-
Ostrich sion B A AR BRI OL T QAR
Table 4 User surveys on cross—domain style migration generated im-
age quality
*4 BENEIBEREBGRENAPREZS (%)
Volcano BOR % Zecon Splice DEADff A SCHIR
ImageNet £ 4 4 21 +5.0 24 +5.0 26 + 6.0 29 + 3.0
Fusion $ii 4 21 £ 6.0 242170 25+5.0 30 2.0
Volcano 4 éﬁi,%.i

Fig.8 Qualitative comparison between DVST and the classic model
DEADiff
8 DVST 54845 DEADIff ) 7E {4 b

class—conditional 512x512 ImageNet A BFEHE [ 9154317 0L
(UL 3) im0 T LA Y, JE I8 2 A 256%256 if &
512x512 LR b A SO L e B Hh S 4r i MERE , B 1
A X IR 28 B0

Table 2 Benchmark results of class—conditional image generation on

ImageNet at 256x256 resolution
%2 ImageNet 256x256 53 P& T LIRE FHEGERMEENIXE

ES
A FID 845 sFID f8 1z ISfahr
BigGAN-deep 6.95 7.36 171.40
StyleGAN-XL 2.30 4.02 265.12
ADM 10.94 6.02 100.98
ADM-U 7.49 5.13 127.49
Adm-g 4.59 5.25 186.70
Ldm-8 15.51 - 79.03
Ldm-8-g 7.76 - 209.52
Ldm-4 10.56 - 103.49
AR SCREA 227 4.60 278.24

Table 3 Benchmark results of class—conditional image generation on
ImageNet at 512x512 resolution
%3 ImageNet 512x512 3 HE T LIRE FHEGERHEAENIXE

ES
[l FID #6545 SFID #6545 ISTEHR
BigGAN-deep 8.43 8.13 177.90
StyleGAN-XL, 241 4.06 267.75
ADM 23.24 10.19 58.06
ADM-U 9.96 5.62 121.78
Adm-g 7.72 6.57 172.71
AR ST 3.04 5.02 240.82

AR SCHE I P R A, DA 320U £ R DA B 400 ek
PG AN T2 Y A BT o AR 1], A SR STk (25 ]
i B2 HYAY PR Ao 3% 25 (Two—Alternative Forced Choice,
2AFC) M . 2 5 ESFER 25K S H KR i AN &
% Gimgl) i A KRR R (img2) ) LR 44> g e 25 28 (A
SCAS R HA UM R 255 . S5 F wn) 3] . TRk

B Xt 22 B AS RUAS AE AS v 2001 S AN I B 38 oy P
55 (1% () L, A SCHR Y DVST i BB TR B R S B N
UK 1 ) B, A o v T o A RBT AR o 5 BRAT D YA A
LU, AR S A i SCA — EGOR A i A 25 ], IR B DIiT
() S RS X S AL, SEBL T X SCAR—EMG 2 R AL & 1
A HR ARG T AL G R — R A R . [RIE
T DINO-VIT 78 ViT IR JZ R 1k 25 8] b (9 fif il B2 XU 5
WAL, TRl A Splice J7 i 42 B9 P9 28 — B0 2k 5 K
b6 FL PR AT IR A DR AL A F T 8 RRAIE 1) A SRl A
FEMCEERE L W TH S50 P N R, (A T AR S L 4 —
ZHONE I I AR RS — N 46, To s A MslE B ap
HedEm PR B AE . SEIRAE SRR % T IR A 2 T
W B A BRI, R 2RSS S KR KA T AT 55 4
HET —SKWAT IR R RIS . RO THE 5] AR ZFAL T
YIZREE CUnTE 2250 i N 25800 48 5 WS i ) Ok
FH B W 5 0 W 2 2] 7 R AR S SR A U vz AL R T, 1E
— R RIS

Sk

[1] LIC, SHIJ P, JIANG L. Image multi-style transfer algorithm in deep
learning[ﬂ. Software Guide, 2021, 20(7): 171-176.

FRBE T, EB . RAESF T PO RR S RS E]] 45
F),2021,20(7):171-176.

[2] LIAN L, TIAN Q C, TAN R, et al. Research progress on image style
transfer based on neural networks [J]. Computer Engineering and Applica-
tions, 2024, 60(9): 30-47.

B, m BN B S R T A2 M %09 BAG RS A5 AR it [T,
AL AR &R ,2024,60(9) :30-47.

[3] PANSY, ZHAO Z P, YANG Q X, et al. Artistic style transfer based on
ViT semantic guidance and structure—aware enhancement [J]. Chinese
Journal of Computers, 2025, 48(9): 2131-2158.
iAo, AR PR, L AT VITHE L § 5 M g sk ey 2
ARAEAS[T]. 3+ SFALE R ,2025,48(9) :2131-2158.

(4] LIWW, FUB, WANGHF, et al. Image ink painting style transfer meth-
od based on data enhanced recurrent generative adversarial network [1l.
Journal of Jilin University (Science Edition), 2025, 63(3): 804-814.
FAh b AR, ERE,F AT RO R0 A R TR 40 B ARk
F B R A A F R[] FAKF FREFIR),2025,63(3) :



172 BT 2026 4
804-814. for semantic appearance transfer| C ]/ Proceedings of the IEEE/CVF Con-

[5] WANGSS, LIW S. A review of research on arbitrary image style transfer ference on Computer Vision and Pattern Recognition, 2022: 10738-
based on neural networks and attention [J]. Software Engineering, 2025, 10747.

28(2): 27-31. [16] JONATHAN H, AJAY J, PIETER A. Denoising diffusion probabilistic
EIAEELS. A TAHERNE L EE N GEE B RAEESHFRLE models[J]. Advances in Neural Information Processing Systems, 2020,
#[]]. #A4142,2025,28(2):27-31. 33: 6840-6851.

[6] ZHOU Y, CHEN Z C, HUANG H. Deformable one—shot face stylization [17] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all you
via DINO semantic guidance[ DB/OL]. https ://arxiv. org/pdf/2403. 00459. need[ C]// Proceedings of the 31st International Conference on Neural In-

[7] ROBIN R, ANDREAS B, DOMINIK L, et al. High-resolution image syn- formation Processing Systems, 2017: 6000-6010.
thesis with latent diffusion models[ C ]/ Proceedings of the IEEE/CVF Con- [18] ALEXEY D, LUCAS B, ALEXANDER K, et al. An image is worth
ference on Computer Vision and Pattern Recognition, 2022: 10674- 16x16 words: transformers for image recognition at scale [ DB/OL].
10685. https : //arxiv. org/pdf/2010. 11929.

[8] DMITRY B, ANDREY V, IVAN R, et al. Label-efficient semantic seg- [19] HEUSEL M, RAMSAUER H, UNTERTHINER T, et al. GANs trained
mentation with  diffusion models [DB/OL]. https://arxiv. org/pdf/ by a two time-scale update rule converge to a local Nash equilibrium
2112.03126. rcin Proceedings of the 31st International Conference on Neural Informa-

[9] OMRI A, DANI L, OHAD F. Blended diffusion for text—driven editing of tion Processing Systems, 2017: 6629-6640.
natural images[CJ// Proceedings of the IEEE/CVF Conference on Comput- [20] CHARLIE N, JACOB M, SANDER D, et al. Generating images with
er Vision and Pattern Recognition, 2022: 18187-18197. sparse representations[ DB/OL]. https://arxiv. org/pdf/2103. 03841.

[10] SAHARIA C, CHAN W, CHANG H, et al. Palette: image—to—image [21] TIM S, IAN G, WOJCIECH Z, et al. Improved techniques for training

diffusion models[C1// ACM SIGGRAPH 2022 Conference Proceedings, GANs[Cl/ Proceedings of the 30th International Conference on Neural
2022: 1-10. Information Processing Systems, 2016: 2234-2242.

[11] SU X, SONG J, MENG C, et al. Dual diffusion implicit bridges for im- [22] JINGY, YANG Y, FENG Z, et al. Neural style transfer: a review[J].
age—to—image translation[ DB/OL]. https://arxiv. org/pdf/2203. 08382. IEEE Transactions on Visualization and Computer Graphics, 2019, 26

[12] GWANGHYUN K, TAESUNG K, JONG C. DiffusionCLIP: text-guided (11): 3365-3385.
diffusion models for robust image manipulation rcin Proceedings of the [23] YANG S, HWANG H, YE J C. Zero—shot contrastive loss for text—guid-
IEEE/CVF Conference on Computer Vision and Pattern Recognition, ed diffusion image style transfer[ C 1/ Proceedings of the IEEE/CVF Inter-
2022: 2426-2435. national Conference on Computer Vision, 2023: 22816-22825.

[13] PEEBLES W, XIE S. Scalable diffusion models with transformers [ C 1/ [24] QI T, FANGS, WU Y, et al. DEADIff: an efficient stylization diffusion
Proceedings of the IEEE/CVF International Conference on Computer Vi- model with disentangled representations [ C]//Proceedings of the IEEE/
sion, 2023: 4172-4182. CVF Conference on Computer Vision and Pattern Recognition, 2024 :

[14] CARON M, TOUVRON H, MISRA I, et al. Emerging properties in self- 8693-8702.
supervised vision transformers [ C 1/ Proceedings of the IEEE/CVF Inter- [25] PARKT, ZHUJY, WANG O, et al. Swapping autoencoder for deep im-
national Conference on Computer Vision, 2021: 9630-9640. age manipulation[ DB/OL]. https : //arxiv. org/pdf/2007. 00653.

[15] TUMANYAN N, BAR-TAL O, BAGON S, et al. Splicing ViT features (FAEmEE 3 f)



