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Abstract  Artistic style transfer has long been a prominent research topic in the field of computer
vision, aiming to transfer the artistic style of a reference image onto a content image while preser-
ving the semantic structure of the content. Despite significant progress, deep learning-based ar-

tistic style transfer methods still face a major challenge: existing approaches struggle to maintain
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cross-domain semantic structural consistency between the content and style domains during the
transfer process. To address this challenge, early methods utilized deep features extracted by pre-
trained convolutional neural networks (such as VGG-19) as content representations and employed
perceptual losses to preserve content structure. However, these pre-trained models inherently
exhibit limitations in modeling content features, inevitably leading to the loss of content informa-
tion and degradation of structural integrity. More recent approaches have introduced invertible
neural flow models as encoders/decoders to better maintain content affinity and mitigate content
leakage. Although some progress has been achieved, these methods are still constrained by the
lack of explicit semantic and structural guidance, making it difficult to ensure cross-domain con-
sistency of the content source, which continues to result in stylized outputs with low content fi-
delity and inconsistent stylization. To address the above issues, this paper proposes an artistic
style transfer method based on ViT (Vision Transformer)-guided semantic supervision and struc-
ture-aware enhancement. First, we explore and analyze the differences in feature spaces among
mainstream pre-trained ViT models (original ViT, CLIP, and DINO), demonstrating that the
self-supervised DINO ViT model exhibits superior scene understanding and semantic localization
capabilities, whereas supervised models such as CLIP and the original ViT are relatively defi-
cient. This provides new insights into the selection and use of pre-trained ViT models for artistic
style transfer tasks. Based on this analysis, we leverage a pre-trained DINO-ViT model to estab-
lish strong and consistent content structure representations across the content and style domains.
Two loss functions are specifically designed: (1) a semantic structure loss based on the self-simi-
larity of DINO keys, aiming to preserve the cross-domain consistency of the content source; and
(2) a knowledge distillation loss in the DINO feature space, designed to enhance the encoder’s
feature extraction capabilities. Furthermore, to further strengthen the model’s structure aware-
ness, we propose a spatial structure loss based on the Laplacian operator and a frequency-domain
texture loss based on wavelet transform, reinforcing constraints on edge contours and fine tex-
tures from both the spatial and frequency domains. Qualitative and quantitative results on the MS
COCO and WikiArt datasets demonstrate that the proposed method not only produces stylized
outputs with high content fidelity and consistent stylization but can also be flexibly applied to ex-
isting methods to further improve the visual quality of generated results. Compared to the base-
line method CAP-VST, our method achieves an improvement of 0. 079 in SSIM, 0. 024 in CLIP-
IQA, a reduction of 0. 096 in LPIPS, and a reduction of 1. 035 in Content Loss. Moreover, when
applied to other existing methods, our approach achieves optimal improvements of 0.135 in
SSIM, 0.011 in CLIP-IQA., a reduction of 0. 108 in LPIPS, and a reduction of 1. 244 in Content

Loss, demonstrating its effectiveness and flexibility in the task of artistic style transfer.

Keywords artistic style transfer; Vision Transformer; knowledge distillation; structure-aware-

ness; Laplacian operator; wavelet transform
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H VCE DA R 27 A IR T i = 7 AR 9 9% 5 T A
Wi VIT #i81 ) DINO R4, 5A14 3.2.1 7
(8 43 BT AR ) AR A AN B Ak — A 22 JRy MR B 1R 5 (BR 28
HEAT IR A W B B A, B R AR5 o AR R
SCARF L A N A AR B AT 55 H AR, 7R BR 37 5tRE
il N 25 T SCIRRRN 55 D7 T4 A B i R B R IE 42 B RE
F1. AN, DINOv2 78 DINO #y 5Ll b ok gk 1 15 R
ZRAE R GRS W L i — 2D PR T T XU DR TC B 7 L (HAE
A EFE 5 TH AU 3 %, e 4 5 BUER B 08 T
TR AR DINO 78 P25 F XU P 7 T 09 3 43 3
PFRTHTCERE 1 8056 2) 3l 2 10 75 1Y N 28 JRUA% - i
AR T B AR AE B &I 4. AR SCIA R DINOvL Al
v2 MESETEMNS A AR 25T DINO R
BT patch size & 8 AT, M DINOv2 H T # 5
YIRS patch size Wit 14, X ] GEFE — 12
FE B AR E T X G R B 2 0 Ak R AR AR T . 2R
bR AR SO A R T DINO fE A B2 VIiT
R A E 4 2% R AL

x5 WilZ Vit EEEFNHEMIE

Content Style

(] SSIM 4 LPIPSy Loss { Loss ¥ CLIP-IQA 4
DINO™  0.607  0.600  3.348  0.628 0. 386
DINOv2™°)  0.587  0.649  3.792 0. 601 0. 378
CLIPH?! 0.611 0.618  3.653 0. 663 0.363
viTt 0.606  0.608  3.360 0.672 0. 368

AR R RE, FRRERREME. A/ v RRIEIR 06
BB A R TR B 0 HOR TR AT . v FR TS B 99
AR AR LF
4.4.6 NGIREEF LR

B2 8] 45 M8 2R L A SCHEAT 1 AN ) i 2% i i
B MIERSEER . B T A SCH T Laplace 5
FHTLRIAN  FRATIA BB T 3 WA S U I AR
b, 48 5k 8 4B 4 Laplace & F°% . Sobel &
F CTSS B 7 Gabor 257" A } Canny &
FUO, o, 8 4B Laplace 57 1 th J& — Fh W
1) 3X 3 B Laplace B 8% , HorpOfl 2 — 8, i il
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8 MABIRAE N 1. CTSS 5 S ¥ T Fe T ity —
G ARl A k™ R R I CTSS 72—
ekt Sobel H 7, th 5l U AEEZER T —
o K v A3 108 e A5 e R AL BE 8 B IR S Y Rl AL
Mg, LR RmE 6 Fan, TUES,RE 8
AF4 Laplace -F . Sobel & F LI & Gabor B F7EWN
FAGbR bR 4 AT SO BT AR SCR Y Laplace 5
T HARERHE— LI T XU 1B R H (Style Loss)
B 40, Sobel 5~ DL ™ H iy UMK 2 L A 4 i T
XN AR A O KR B 4 B0 EE R 0 e i A
(CLIP-IQA) T K, HUbZE ML, Canny 5 F 1Y N 45~
AR -1 R AN A L 52 0 1 45 3R B B B T T4
o R 02 A S H i B I 1 B B = e
AN S AR AL BR80T ISR N 2 25 A Y
PRAE BIPR A R 4P 1 9 28 XS 1 8, LA 3RS 25 5 B
PEry g . IS SO A 5 1 KUK AL T 53 (Style
Loss) % — (W3 I & PF 43 (CLIP-IQA) 5 — 1 La-
place BT,

Ro6 MBBEEFEEFENHMLE

BT SSIMA LPIPSy t‘:fft liﬁi CLIP-IQA A
Laplace ™™ 0.607  0.600  3.348  0.628 0.386
L(aé’lgl;;;j 0.628 0.582  3.127  0.691 0.373

Sobel*™  0.638  0.574  3.007  0.698 0. 380
CTSS™  0.602 0.601  3.346  0.641 0.374
Gabor®  0.654 0.595  3.203 0.677 0.365
Canny™)  0.587  0.612  3.453 0. 605 0.367

VE ML FR AR (. 56 T R FOR AR (. M T 0 2k 3 e
EfH. A/ N FREERR IO E T . A R U B 9 52508 5
Hf o B IR 0 40 SO LA
4.4.7 IR PE T B R RN

mak 7 M 13 PR ATIRR TG IEHE T
1436 B R /N X RS S B B8R i 5 . L ROk 13
AT B FAL KNG 5B Ry 3X3.5X5.7X7 LU
K 9X9 JFHEATES . R, T B HL Laplace 5
B LR ST g 3 X 3L X T 5 X 5.7 X7 K
9X9 FY A, IRATR M T X R Laplacian
and Gaussian(LoG)EF'  LoGBEFEEST S
Wi 1Y Laplace 55, B A — A5 T & i sk 20
IALITE, BRI 5 B AR A Ry 5 X5 8 7 X7 B R R
SF. 13 5 1 AT TR, MBI (3X3),
PRI 31 2% (51 45 J AE A 52 30 R R 58 B 1L 35 Y
Hi PR BE T PN A 2 AL R S SR A R T A 5T R
A, B S PR BT K (55 B 9X9) , i 4 K

AR 258 B o 2 i bt B TR 2 R
FER M S R T KX RS
S PR YRS VR . AR N 13 5
2-4 AT PR R BB/ (3 X3) L S5 R KR e 8
TE PR B N A5 0 B ) I 78 2 0k SR ROCR 5 Tl Bl
GRERMY K (5X5 5 9X9) LEREURER T 4K
B AR AL BOR IR T N2 XAk . 3R 7 %K
PTG X — B, PR SCRA RS T R
B 3X3 Laplace &,

x7 BERREFERZX/NHEILE

e SSIM 4 LPIPSyY Content Loss v Style Loss v
Laplace 3X3  0.607  0.600 3.348 0.628
ALoG 9X9  —0.120 +0.116 +1.833 —0.965
LoG 5X5 0.628  0.570 2. 848 0. 804
LoG 7X7 0.649  0.518 1. 864 1. 344
LoG 9X9 0.727  0.484 1. 515 1.593

MR R R, A/ v FORIRAR AT Ry ), A R %
FEAR 09 5 B0 R BT ¥ SRR I R 04 4 BOBIR LT . ALoG 9 X
9: AET LoG 92X 9, A SCT5 k& 17 b5 43 B9 A X 388 i () sl sk 2>
(=),

P K PR

Bl 13

Laplace 33

T35 U8 I A T 4 ARV /N 1 9 Tl S 6

LoG 5% 35

4.4.8 /NI o3 i R

B X 0 B0 B R AR SCHR R T /NI AR 0 4 i
RERBSHOEE. kTR BG £ 0%
RAEHE UL E T LR AT 2 kAo i DL AR I 2 R
FEWRARRAE . BRSO TE R IR AR 2 )5 FRATTXHIR
WS4y (LL F4) BEAT IR R o i o S 2 T — &
SRR A E AR R . SEER A R AR 8 R,
B % 43 fife RUBE B IR (— 2 3 = 90, Uk 1k B 5% 5
PR FEE T AR AR 5 050 R R R Y
I FLAAS PE 2 1 BRI B K. X Ik, AR SO
W F 22 9057 ff s 17 ok BHRARAIUE B R 32 38
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MY A R KU (R0 {5 5, S B0 X
BB 2 D NBIRA . IR BIARSCT AN AL e
300 S0 S S 1 R DA 7 TR ) 240 2 S0 G 0D
S TR XA RO £5 8, I B AT 2R T X%
PR 55 W 5E J5 B e A4 — /N B o i

T F R4 AesFA™ [EFDM™" | ArtFlow' ", %
PG AR 14 FI 9 FiR. AesFA T IE R SR
PEAE SR T 1R BRI I 25 25 IF 5 A\ B BLLLER
i SRR R R R 2R BB ) A Tl S R I S
Bla) — 3 X B RS A A — S sy 1 4 i

RS NETHMOMREKHBMLR #8) . EFDM ¥ i1 T K i R AE 2 A DT e 5 3% L 5% 1A

ﬁ;ﬁ SSIM+  LPIPS %‘::t:ft Isotili CLIP-IQA A X v B XA R IR o3 A 9 e 4, Z0WE T I 2 SRR AIE 1Y

- B . REEE R NEE XK EE NS 4 40
—% 0.607  0.600  3.348  0.628 0. 386 N i } n "

=4 0.610  0.593  3.235  0.648 0. 365 RE> . ArtFlow e I B AT 39 A A T 2 5 e

= 0.625  0.575  3.001  0.696 0.359 2 (dRRAIE 8 I8 R 18 B g , 5 306 Ay ) 4 B g

VERRFER IR, A/ v B R, <A v grix PR LR IUA G BN DI KUK Ak 7 A A7 T R

T b (9 3 B0 B L < v 7 ORI TR B 4 43 B0R AR B A
4.5 AXFEEFAABTFME LHRRE

ATy AR Ry — Fhpl Sz I 2R AE 42, 1T L) B A
BUH TR EZEATE ARG ERB AL, PR T 4.2 93t
LEBE R CAP-VSTY , J AT ¥ 7 3007 12 1% )1 21 LU

(s 2 A R=D .,

MR, AR SCITIE BN 2 25 k3 1 LA b = gt
TR A B A o A SCHE 28 Y T I 2L P A 3
SR AL R R AT LA A BCHAT S 3 S AN 2 41K =) A
SEREN AR (AN 4 2R AR B XU AL 18145, [R] )

N o W

ot 5 - v
T ¢\ g
i o -
- e 5 W o i
£ ; sime P
= ! P B L

EFDM EFDM+3 3 ik

B 14 AXHELEASFET W% (AesFAP EFDM™ | ArtFlow™™) I /4 i

gl
ArtFlow

iy

AesFATEIHiE ArtFlow+A ST 775

R FUFHEFRETHEEEANEESR

I SSIM 4 LPIPS ¥ Content Loss ¥ Style Loss ¥ CLIP-1IQA 4 SSIM-CLIP ¥
AesFA 0.407 0. 686 1. 209 0.587 0. 341 2.123
AesFAMY 47 37 i 0.542 0.578 2.965 0.777 0.349 2.036
EFDM!? 0.312 0. 710 4. 792 0. 879 0.369 2. 281
EFDM ) + 7 3 J7 0.351 0. 665 4.031 0. 894 0.371 2.250
ArtFlow!!" 0. 439 0.614 3.735 0.737 0.363 2.132
ArtFlow! ') 7 3¢ 7 0.518 0.513 3.727 0. 825 0.374 2.083
SANet'?*] 0.396 0.581 3.290 0. 641 0.367 2.202
SANet' ) +1ECST! 0.425 0.546 3.228 0.995 0. 364 2. 081
SANet! ) 47 3¢ 77 1 0. 482 0.501 2. 684 0.833 0.333 2.110
TE MR R R ) — T W% EARFRI M. A/ v RoRIEAR AT By 1], A RIS AR 09 20 BOB T MR AF v R RIS A 14 43 BOAIE

L
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1A HE . [RIE, a2 9 iz . 76 7S SCHE 28 64 Jn
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PETb 2 UE B T AR SO IR E . R
SER IR ) 2 3 AR SO 1k S B 4 B B ) R R A %
JERIBATROR X R L AR SO E RIS
AesFA S AR L S 90 A0 06 ot B 4 79 S5 i 7 40
PER NI T
4.6 SRMBEARRKTHMOITIELE

R T i — 25 B AR SC T B S 4 R oA R I
WATHEAT T 5 B4 7 ik 300 R £ % b 52 56, fn
9 R 15 i, HAURR B, F AT A SANet™ ff
R HELRAERY % ) A AR T KUK T B ) W 4% (Style-
Attention Network) , ¥ 8 1% 48 J5 15 BB 0% ¥E — A B
fifk A1 e B H br XA (0 40T, R KU B &R
SANet K H 45k s 80A AR L. KUK 452k
L, RAEEERR L ey » ¥R XAE LT FE AT 55 th KLl (1Y)
PGk B, eI AL B, R AT T IECST™ )7
. %K SANet fE N H T W%, 5] A X L2
2R A Bk B SR W B T — RSk R
HARSKR U6, TECST J5 vk i = A 41 2% oR B0H 1  X it
PR Ly HBEXHE T TR L e ST 2
ABK L o o« VERXT L FRATHENG SANet 1E R
T2, TR AR SC T 4 s R bR BSOS FRT U 2R Il
YR, =R B8 TECST 193 80N TF 16 I 2
160000 WK, HLBRHK R ELIN T AT SR E AR AS . SE I 45
Rank 9 FE 15 s, WWE 15 rl LLES, T
SANet " BTy KUK 1 3 7 9 4% S 3l 3t A8 X E
T7 B4 VR N2 RN KRS R AE AR R Sy BT B, TR e 2
BN R LA AL R B CAn S 2 AT NS 5 AT Y 4
BB | R 28 WUks R N (5 B 51 A B4
PG L P2 A R R D5 (AN s 3 AT ANSE 4 47. 45 21
PRI R 23 /T8 5 1 3k A RS AR b N 0% TR
FEDNES) . 8 TECST™ AR 41 2k s B0 A 15 25
T b2 2 A O TR 2 SR AR Y 0 T
BB /YN e A )| [ = N i 0 N T R (E R i e
T GAN By FMER 25 > Rk 45 188 24 5 48 7 40 5l
FRRRAE  JCTE 58 A A B — 2 25 KUAK [RIAG 0 XUAS 15
BT B B R R KUK Cn 200 L ZE fih L 803D
B O 2 2 AU R (TN 1 AT 558 2 17 4h
B4, DA K3 9 1Y Style Loss) , [6] B 23 18 3L Fh F2 &
ok N A MR TR A CANER 4 AT RIS 5 4T, 45
REMG AN AH B N A B AT — &2, T

FEA SCHESR T 8 3l 26 () SANet, NUTHBR T2 H
A BRI N ZS D52, 0 PR T 28 2R 0 i L4
Fag [ B 3 1 485 SR 1 3 I JRUARS i B XUAS TS, It
Hh L NER 9 BTN AR SCHR R BRI - KU fk 45 R
AR T A % 4 8 (SSIM., LPIPS, Content
Loss) PF43 3E B T 7 SC 5 A 55 Al 2 1 b

A e as "_

*.

SANet+[ECT SANer+ 4 fi'.'

55 U J5 5 A5 2R R B N L S 8

Bl 15

BEXF LA 85 Y, FATTIA R AR SO I 0 R R B
FEALUT =44

AR SCHERA TG R T HA 28 B A
FNE SCE SRR A M B I 2R VIT 2 8 DI-
NOM™ | Hi# VGG™ %4448 CNN BRI & , DINO
HLA KR B AR B RE 0, 7T L B 4 AR 4 Ry Y
ZRVE AR CLIPYY 2547 Wi VIT B & L DI-
NO X F ¥ K B P45 1 3 5 A S5 RO 450 745
PEVRUN B2 B 8, A B 4R P 28 O R R — B0 R
Ak

HWL M BB A R IF MR I VIT B R Y
Transformer 2& 7 30870 K S ALK VIT B
TR AR Sy 8 5 ) 285 T DI 0 B BB o 32 R i AR AL R R 0
AT R B B A5 A AT 2 B RN BT L A R
il A [) Bk 1 9 B A00R L 3 BE 5 1 b DI 254 8 3
JTERERZENIE TR . RERI R X TR ) 2%
R FR7 AL SR S H P R OB (A AesFA™) LA
SCOF AT LT i b B S B A B L DA A
WL B H GRS L.

oS+ AR T AR 78 DI 25 B B 0% o el B ASE R0 ()
SO B TECST Y i 5, AR S ke #% 17 VIT ik
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I AR SO ¥k T RE 23 J0 vk o8 e TH BR Ok A N 2 TR 1 B2
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AR 5 H TV T8 43 RN N 25 0 25 4 5 AUk S 380
UL Ah 25 RS SO T 2 2% HRURS  SC5 N R TE
A S B AR, AR SC 7 12 T G 1k A A X g KU
PR 1 0 S0, S B R R A S XA A S TE g
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7> CUT Joik e RENR (9 A 2538 L5 5 54 A s
I AR A AR B AR X R AN AL % 2 AT s 5
TEE 1 AT NHE) e 6 2 BF 7 3, () B Al 25 HE T
BRI L SN (A S 1 AT B
-3 AT R Al S5 R KR L oe o i SR, A
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CUT+A L 5%
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Background

This study focuses on the task of style transfer in the
field of computer vision, specifically on artistic style trans-
fer. Artistic style transfer has been a long-standing research
hotspot in computer vision, aiming to transfer the artistic
style of a reference style image to a content image while pre-
serving the semantic structure of the content image.

In recent years, with the rise of deep learning, the task
of style transfer has entered the era of neural style transfer
and has seen rapid development. Current methods, through
matching the global statistical distribution of features and lo-
cal attention mechanisms, have been able to achieve style
transfer effectively, generating results with good visual quali-
ty. However, existing deep learning-based artistic style
transfer methods still face a major challenge: they cannot
maintain the cross-domain semantic structure consistency
from the content domain to the style domain well during the
transfer process, resulting in low content fidelity and incon-
sistent stylization in the generated results.

To address the above issues, this paper proposes an ar-
tistic style transfer method based on ViT (Vision Transform-
er) semantic guidance and structure-aware enhancement.
Firstly, a pre-trained DINO-ViT model is used to establish
strong and consistent content structure representations in
both the content and style domains, and two loss functions

are designed: (1) a semantic structure loss based on DINO
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keys self-similarity to maintain cross-domain consistency of
the content source; (2) a knowledge distillation loss in the
DINO feature space to enhance the feature extraction capabil-
ity of the encoder. To further enhance the model’s structure
awareness, a spatial structure loss based on the Laplacian op-
erator and a frequency domain texture loss based on wavelet
transform are proposed, enhancing constraints on edge con-
tours and fine textures from both spatial and frequency do-
mains. Qualitative and quantitative results on general data-
sets for style transfer tasks show that the proposed method
can not only produce results with high content fidelity and
consistent stylization but also be applied to existing methods
to further improve the visual quality of generated results.
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