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Face retouching restoration based on diffusion model

Liu Jiaxin, Li Sheng’, Qian Zhenxing, Zhang Xinpeng, Ying Qichao
Computation and Artificial Intelligence Innovative College , Fudan University , Shanghai 200082, China

Abstract: Objective The pervasive use of face retouching techniques across social media platforms has created substantial
societal concerns that extend beyond mere aesthetic considerations, manifesting in psychological impacts like body dysmor-
phic disorder, erosion of trust in digital imagery, and broader cultural implications regarding beauty standards. Compared
to face swap, it is much easier and convenient for people to use face retouching, which has already been integrated in many
social network apps. While existing research has made considerable progress in detecting retouched faces through various
computational approaches, the critical task of reversing these modifications to reconstruct original facial features and

restore authenticity in digital images remains largely unaddressed, creating a significant gap between detection capabilities
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and practical restoration solutions. This paper formally introduces Face Retouching Restoration (FRR) as a novel computer
vision task that distinguishes itself from related tasks like makeup restoration or general image restoration by specifically tar-
geting both subtle textural modifications and extreme structural alterations present in retouched facial images. The primary
objective is accurately recovering authentic facial characteristics from heavily manipulated images , addressing two key tech=
nical challenges: restoring fine-grained textures, such as skin smoothing, and reconstructing facial geometry, including
eye enlargement and jaw reshaping. This dual focus on texture and structure advances beyond existing methods that address
only one aspect of facial modification. Furthermore, the study aims to establish standardized evaluation protocols and datas-
ets for this emerging research direction, recognizing that current benchmarks for retouching detection prove inadequate for
assessing restoration quality. The proposed solution seeks to advance digital media forensics by providing practical tools for
content authentication while simultaneously contributing to the broader discussions on image manipulation in the digital
age. This work aims to shift from passive detection to active restoration, with potential applications in forensic analysis,
psychological counseling, and digital media literacy initiatives. Method The proposed Retouching-guided Diffusion Model
for Face Retouching Restoration (RT-FRR) presents a novel dual-component architecture that synergistically combines
diffusion-based generation with precise retouching artifact analysis. At its core, the system employs a Face Retouching
Estimation Module (FREM) that utilizes constrained BayarConv layers with kernels of size five by five by three specifically
designed to amplify manipulation artifacts while suppressing authentic facial features. This preprocessing stage extracts
multi-scale retouching traces through four successive ResNet blocks, capturing both local pixel-level inconsistencies and
global structural alterations. These hierarchical features then serve as conditional guidance for the second component—a
denoising diffusion probabilistic model configured with one thousand timesteps that learns to predict the precise residual
between retouched and original facial images. The model’s U-Net backbone incorporates innovative cross-attention mecha-
nisms at four distinet network depths, allowing progressive integration of retouching traces with diffusion priors throughout
the denoising process. This multi-scale attention strategy enables simultaneous recovery of high-frequency textural details
such as skin pores and fine wrinkles and macroscopic structural features including facial contours and organ geometry.
Training optimization employs the Adam algorithm across one hundred thousand iterations with a fixed learning rate of ten to
the power of negative four, using a composite loss function that balances pixel-wise reconstruction accuracy with perceptual
quality metrics. For comprehensive evaluation, the authors constructed the Extreme Retouched Faces dataset (ExRF) com-
prising one thousand high-resolution image pairs featuring severe yet plausible retouching operations, manually generated
using professional editing software with consistent extreme parameter settings. This dataset complements the existing
RetouchingFFHQ benchmark, ensuring robust validation across the full spectrum of retouching intensities from subtle
enhancements to dramatic transformations. The entire framework operates on five hundred twelve by five hundred twelve
resolution images, maintaining architectural consistency with state-of-the-art diffusion models while specifically optimizing
for facial feature recovery tasks. Result The experimental evaluation demonstrates that RT-FRR achieves state-of-the-art
performance in face retouching restoration, significantly outperforming existing methods across multiple quantitative and
qualitative metrics. On the ExRF dataset, which contains extremely retouched faces, RT-FRR attains a PSNR of
25.23dB, surpassing the second-best method ResDiff by 1. 9dB, along with superior scores in SSIM at 0. 806, FID at
48.802, and LPIPS at 0. 241. These results highlight the model’ s effectiveness in recovering both subtle textural details
and major structural modifications such as eye enlargement, nose reshaping, and facial contour adjustments. Comparative
analysis against nine baseline methods including makeup removal techniques such as CSD-MIT and BeautyGAN as well as
general image restoration approaches such as Restormer and SR3 reveals that RT-FRR consistently delivers higher fidelity
reconstructions, particularly in handling extreme retouching cases where prior methods often fail. On the RetouchingFFHQ
dataset, which contains milder retouching, RT-FRR maintains strong performance with a PSNR of 25. 39dB, demonstrat-
ing robustness across different retouching intensities. Qualitative assessments reinforce these findings, with feature similar-
ity heatmaps and t-SNE visualizations confirming that RT-FRR recovers facial identity characteristics more accurately than
competing approaches. The model successfully reconstructs fine-grained skin textures while correcting exaggerated struc-
tural changes such as unnaturally thinned jawlines or enlarged eyes without introducing artifacts common in GAN-based or

transformer-based methods. Ablation studies underscore the importance of key design choices, where the face residual gen-
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eration strategy alone contributes a 4dB PSNR improvement while the FREM module adds an additional 2dB by localizing

retouching traces. Visual comparisons further demonstrate RT-FRR s ability to restore natural facial proportions and skin

details, even in cases where retouching has heavily distorted the original appearance. These results collectively establish

RT-FRR as a comprehensive solution for face retouching restoration, addressing both textural and structural recovery with

unprecedented accuracy. Conclusion In this paper, we focus on face retouching removal (FRR), a novel task aimed at

recovering the original faces from retouched ones, particularly for the faces that are extremely retouched. We propose RT-

FRR to recover both the textural and structural face features from a retouched face, where a face retouching estimation mod-

ule is designed and incorporated to extract the retouching trace to guide the FRR. The retouching traces are fused with the

denoising U-Net of the DDPM via an attention mechanism for accurate face residual generation. We evaluated the perfor-

mance of the RT-FRR on an existing face retouching dataset and the newly constructed ExRF. On both datasets, our RF-

FRR is shown to be better than the existing makeup removal and image restoration schemes on the task of FRR.

Key words: image restoration; face retouching restoration; diffusion model; attention mechanism; residual prediction
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Fig. 1 Face retouching restoration
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TSI , A BE ML R AL 1) 181 T 75 7~ (0, 1) FF 4R
B A BT A AR 5% 22 25 R X — i B AT DUH A
KFRWT

Po(ForX) = pG) [T Goie) = (2)

T, 7 RN 2D MRS A 2 A o ) 5 22 O
FEPTH A RT-FRRAAS 25 5 5 1F « ARG
PIZEG] 260, 3 l J fa A  SE U R X R A ] 22
FUEE BRI 4 UL H A SE BN K X Fh 3 B Y 22
JUEE N 56 BREL ORI f
3.2 AR EBURITIRE
AR SCBI T — A 2 R B ORI 4 O
(multi-scale face retouching trace extraction module,
FREM) , FI T3 R SR IBCSE AR 2™ A ) BLRAOR I .
FREM 5 8 15 78 $2 073 B 56 Ak 37 A6 /Y SL kR
I Hok A SRAE O 2R AR RS 1 S R R i
A7 K5 HE /) 5% 22 T . BayarConv (Bayar I Stamm,
2018) ) Z M T R LR AT 55 b o SR 5L
B RUZAE, Hol b S BAZ TR 200, BES
T2 IO A PR N AR TR B AR T R AN Oy
FHMURM . R T BayarConv 15 b 4 FYZ
BRI S B, BB B R RN 5 x5 % 3,
RS [ 3 17 1 400 7] PG A 258 0] LR IR A T4, A
07 B A 2% B BL R TIE . BayarConv 75 2238 12 DA
TIPS
®(0,0) =-1, > w(ij) = 1

ij# 0

K, 0 R BEREIZE, 0(0,0) Zn BRZ G
fEEICR . XMRRIRITE I AR S AL 5
il AU A o o) R B BUIRGE , ANt % 5 W s S

WSO ELAE TR ek R 1 i N AR T

(3)
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P, B A RN B X B, AR T AT vk
T BMEAIRGRHE AT B O 14 12 B -1 3R 8 2%
2 [a] 81, BayarConv 5T BEJ $2 21 5L MUR 0 I 8 1) 175
HFEAR , DT BE 43t 5 a2 B ol DX IO A A 5 1
Ry Y AT B B S5 AR A R (R
5, FRATH BayarConv JZ2 B9 % H RRIEIE A Z 1] 1125
Y ResNet 5% 22 5t (He 55, 2016) 1 71E— 25 40 #, L)
PRI 2 RUBE NI L B ORI f, AR
f={f1forofs} = ResBlocks(BayarConv(X)) (4)
Lrhfiie(l,2,..., S AR i FRZE PR R
RRAE L S O 22 RUBE B AR 30 418 JROR R 35 7 18 R JRE 280
WS, B R, 2% PR IR Y RAE £, S
W1 A RRE AR AL . Y i B/ FREM $2 5 1Y
S B AR Sy R A B S L W R S BN B R
WRART 2 s BEAE | ABE R, f; I AR Ak DX B4 4y ey
5, IR IR AR5 1 A IR BIE J LA A2 TR 5 > i 35 3 e K
IF £ T D Sitith 4 JRy 1 SO —BURHIE | QB A4 T8 35 L
BN o 3= Gk BE R RFAE S IROUL R {4 FREM BE
{4 T AR A R BT SLE ) SE BRI
3.3 EBURIES| SHIEER U-Net
BT 3. 2 SRR Y 22 RUBE G 26 BB SR I

AiEf, AR IR T — > S BURIE 51 519 2 1 U-Net
W25 &, (), 38 i 58 S T I HL R 5 IR A B i
ANRFRZE R Z G e AR T8 U-Net: R HY
R IR I 4, A Tk SR 58 ST T8 WL o 22 RORE 56
PRS0 IS 5] U-Net F9 X8 17 A (]2 7 AiE LA S 2R
e

Q =Wy MK =W -fV,=W"-f (5)

T
M," = Softmax( ?/’E WV, (6)
d,

2o, M., M, 4y 536 U-Net 5 1 J2 0050 AR H R
fE, W, W, WSk il 2 ) (4 5 R, d, 22 i)
FEFE Q BN HERE o (EAS IR, FRAT] 20 2 e A
U-Net i 5 i J2 46 IUSE BIUR IR AR, X AT ik 402
h TR AL e R A T NI S5 R R AR KA T
AL B O AR R A .
ASCHTHE B RT-FRR AR 11 25 B AR sR 50 1
ﬁD—F
‘Csimple = E;],.f.s,ﬁwotn[ ] (7)
FE L 29 i P ARAES 43 45 3 T RT-FRR ZE I
SRR B PR 7

2k 1: RT-FRR VI 2018

1. f =FREM(X)

2 rg=Y-X

3:  while Not converged do

4: t ~ Uniform {1,....T}

5 & ~N(0,I)

6 r, = @ + 1 — Gt
7 Ve“Et_Se(Tt'X'f»t)”

g: end while

Bk 2. RT-FRR #E3 2

1:  f =FREM(X)

22 1 ~N(0,1)

3: fort=T:1do

4:

5: Ti—1 = \/Lazt (rt —
6: end for

7: ?:X'{'ro

z~N(0,1) ift>1, else z=0

1-a;

\/?a_t eo(ru, X, f, t)) + 0.z
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4 £ I

4.1 EWiEE
4.1.1 SEEYNYY

ARSCACRE R ROBE JZ 908 S e Ry 4, 4 1) [i]
A THEE R 1000, Y25 2 2k A Adam {216 %
(Kingma % ,2015) % RT-FRR & B #4700 Ak , Y1 25tk
RN 16, Bl ZREARECH 10 T3k, W6 2% )
HE 2 10 o AR S BSR VR BE 2 2J Pytorch HE
SIS FE NVIDIA RTX 3090 2K [958, 740
X153 75 T, ExRE B4 52 4% 18 80% Y ZhE A4S | 10% 5
UEAE A AN 10% MR A (0 A5 o LE B 2R A7 50 200 R
T AT VEAT AL R, FRATTIE A T T A 56 B I AT
25 M #4 #: 1 RetouchingFFHQ 4% 4 (Ying 55, 2023)
HEATEZ AN 2 B 4 F A & AR AR
LB B AIREAR HER B B SRR AR S 2 Bk
TEALFED AL TR BT SR A SE Rz T, BT A SE
4 34 55— 45 T % 512%512 43 B3 DL AR AT A —
Egc 8
4.1.2 PHEfEHR

R TV TR i RO T TR RO AR S
BIEB TN b . R TRE MR
IR LY (peak signal to noise ratio, PSNR) FlI Eaey o
AH L PE $8 %L (structural similarity index measure,
SSIM) (Wang 45,2004 ) , £ — 28 Sy J8 1 it £ VP4 45
b, BLHE A 2 2% 10 28 2 I8N R B AR U (learned
perceptual image patch similarity, LPIPS) (Zhang %5,
2018) F1 JG £ % 19 P A 38 #58 FID (fréchet inception
distance) (Heusel 55 ,2017) o fy ffiy i & J5 KR AE 45
I )2 1A A £ LR A0 SR TN U A 7R (Kazemi
AE,2014) U NG B Oy FRAESEA TR ARLEE 5397
4.1.1 XFHFk

R T U AR SC VR B RO AR ST AR Y
RT-FRR #1805 9 FAH G I ik AT T RGEXT L,
i 411 55 Makeup-go 572 (Chen 55,2017 ) . BeautyGAN
735 (Li %%, 2018) (SSAT J5 i (Sun %5, 2022) DL K
CSD-MT J5 ¥ (Sun 2 ,2024) 241 %Pl 25 £ AT 551
FEA AL, LR R B AT 55 1Y) Pix2pix Ji ¥
(Isola %% ,2017) . Restormer J5 ¥ (Zamir 55 , 2022) |
SR3 J5 ¥ (Saharia %5 , 2022) . DR2 J7 % (Wang %5 ,
2023) \OSEDiff J5 ¥ (Wu %5 ,2024) LA 2 ResDiff J5

(Shang 45,2024 ) . 1X SEILLE A o5 T FE T4 Bl
24 LT A T BT 28 LT Transformer F13E T
PRI R PUZE AR . O LS i A F
PE | T A ke 42 A B 2 % 5 0 a8 SO & 04T 52 30
Yk,

4.2 EEDW

*1 ExRFEIEEHE=TLE

Table 1 Quantitative comparison on the ExRF dataset

bk PSNf/dB SIMT FID | LPjPS
LN 17.76 0578  87.589  0.286
Makeup—go 1322 0442 82735  0.399
BeautyGAN 1650  0.563 87.869  0.391
SSAT 16.44 0575 101.079  0.381
CSD-MT 1838 0598  77.852  0.326
Pix2pix 2333 . 0.667  73.672 0323
Restormer 2093  0.681 59.661  0.362
SR3 18.14 0718  51.589 - 0.329
DR2 1770 0560  73.028  0.373
OSEDiff 22.03  0.748 51294  0.289
ResDiff 22.14 0776 50447  0.281
RT-FRR(AI0) 2523  0.806  48.802  0.241

TP AN AT RO T VAR e, | R
BT

MR w2 LB ExRF SR 1, A&
SCHTHE Y RT-FRR 78 58 B 52 AT 55 v e 9
R PERE LB . NS B dE AT LA ), B 4K Beau-
tyGAN 2507 VA 10 M 75 2 PR U A 1 0 3 R0UR 3
XL Ty i LA BT S 25 R AR Ak TR BT LA BR AR
PG 260G PG A BT 55 PR RE (B 25 R . S5
U R A L, 38 7 S ME LR A5 A 850 42 DRURESR .
1£:4: /% 52 )5 )5 15U Restormer FI SR3, B ARFE—E
FEEE LK AR SE MR AE {28 1 %o i T 3 A
JEE RGO T RIRAL . ML A ST
T3 1538 2o 22 RUBE B OR300 4 BB HRAT RO A TR R
JEE B NI 52 B IR T | BB S B HBORE 7R 4 (A 1
MRS 5  AE  i 1 2 R AE ER . RT-FRR
A A2 NS L 25. 23dB 1) PSNR AT0. 806 [
SSIM i A T AL SELR BT | AH L R KA1 Res-
Diff, PSNR #2 7} T 3. 09dB, SSIM 42 FF 7 0. 03, 7£ )&
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SR B A BE TR, BB ) RT-FRR AR B9 &2 i
B2 1) FID F1 LPIPS W B A7 i 08, 7l h T
48. 802 F110. 241, X FHHRT-FRR 4 11 & JE A 5
FLSE N oA R

%2 RetouchingFFHQ #iFE N EEXTLL

Table 2 Quantitative comparison on the Retouch-

ingFFHQ dataset

7k PSNR/dB 1 SSTI Y ! LPjPS
HiA 22.21 0.776 39.637  0.181
Makeup—go 14.27 0.531 46.443 0314
pix2pix 24.61 0.851 36.614  0.189
Restormer 24.59 0.848 28.435  0.196
SR3 23.78 0.858 35.746  0.208
DR2 21.72 0.665 39.568  0.293
OSEDiff 24.37 0.835 34.941  0.184
ResDiff 24.43 0.863 32,179 0.180
RT-FRR(AIL)  25.39 0.885 27.691  0.169

TE ORI AR BEAT AR 1 VARl s ey, | R
gy

P2 IR THE Ying 58 AN (2023 ) #& tH (1 FH T 4ikr
JiE 9E UKL I Y RetouchingPFHQ £ 5 4 I 19 52 563K
B Ak — 25 56 E A SC Ik iz Ak . Retouch-
ingFFHQ H 9 K RS T 28 33 11 6 B VR A B N
WA, 200 55 5 B P B Y S A B, AR DE AR
FEAS B S5, (AT 25 2 At B 2 T SRR A A o S
FLBnT LA L A 3 6 3 oA A48 el i) A sk
B AN 2, B {4 Sk 2R B 78 Restormer f%) PSNR XA
24.59dB. i T4 RT-FRR 18 i 22 R EEHRAE 7047
RES A SO 25X Lo 40 B 4, L 25. 39dB 119 PSNR
F10. 885 11 SSIM f I T AL ALY . [R]Af RT-
FRR Y FID 24 27. 691, 8K AR RLE T 1 2%, FRUCIE
BT TR VA R B RS R T IS . X
PN 2 A TG 25 8 T LSR5, 15 48 7 i
Restormer 5t #4875 54 i 3¢ B 37 5t vh 6 80 1 v (PSNR
24.59dB) , {H 75 5 i 36 i ¥ 5 & PE g 3R [ (PSNR
20.93dB) , 1fii T $2 1Y RT-FRR 78 9~ A [6] 375 5 K #)
REIAS R A7 0 B2 B, S e T T4 s AT R
WHZARRE ST o BEAh  IX S ZE B 38 3 I | 1 At 2
PHIHLG 5 2 RO R AE 2 B AT HL4S A, RT-FRR

REMS FI 1 I Ak BEA [w] 568 J3E 1) SE LR A, S SR BN
A IR A T T SRR R R

(b) Pix2pix (c) CSD-MT

(d) Restormer

((a) retouched; (b) Pix2pix; (¢) CSD-MT; (d)Restormer; (e)
ours; (f) original )
5 SEEUARE AR AR B #07 [#

Fig. 5 Feature similarity heatmaps.

AN ExRF B b B R B RIS S
R EUR R AE AR R BE R AT rT AL . R RI AT 1
GEIRANE S PR o T 1B 53 e A AR R A K]
G5 EEEG(E 5(a) JR G S 2 REG(E S
(b)-(e) ) B 20 J5 4 5 (11 5 (F) ) 2Z [ A REAIE A% 5%
AEAURE A= o 4 PR 5K A UG R fE AR LR, $4 [&]
Xof g DX 38k 2 €0 422 T R £T 8, A K I RN R R
Ji ls PG 5 L S BN AS 8 52 T WA B 6 b G R o (T
VLA B 5Ce) o Mgk i o LKL 5(b) L (e) FiT(d)
BRI TR (0, R A 7 V6 B IR ) I AR AR 2
Tt B PR 55 D RS e (R AR ARL T L
4.3 TEMSH

6 /R T ANIR) 7 78 ExRF 454 F it 742
JE B R . Lh CSD-MT(Sun %5 ,2024) J A%,
FNPPI 7R BB 2 ARG T T SOR KU, 512
W& T 45 F R AE 3B )5 . Pix2pix (Isola 55 , 2017) Fl
Restormer(Zamir 44,2022 ) 55 J5 ¥ A2 1l i) 1t 3 S AT
FEW PR 52 MELLARAS = BT it 25 2R . ResDiff (Shang
22024 ) 1Y 5 L2 SN L B 2 0 R R L) R, A
FbZ F L, Fefi T3 9 RT-FRR J7 25 76 1 B3 26 U B4
4 TR, G RE D80/ D O 5 SRE R4 S 4 A b o, L
=NEYNRS)ER CYNITE5 k5 e
4.4 HEALIE

FEARTT Hp FEAT i T L BRI TOAS TR R
0 S PR L M RT-FRR 520 (F A 520

P3N T WCE R 1R IE R LS B (1)
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(a) JFARE (b)EBE (¢)Pix2pix (d)CSD-MT (e)Restormer (f)ResDiff (g) A< 3C
((a) original images (b) retouched images; (e) Pix2pix; (d) CSD-MT; (e)Restormer; (f) ResDiff; ( g) ours)
El6 AN Tk IR G 45 S X L

Fig. 6 Qualitative comparison of the recovered face images using different methods.

®3 BSSHHEMZR
Table 3 Ablation study for the setting of S

PSNR/dB

ViRiS ' SSIM 1 FID | LPIPS |
S=1 24.41 0.799 52.108 0.248
S=2 25.11 0.804 50.074 0.245
S=3 25.13 0.806 49.946 0.244
S=4 25.23 0.806 48.802 0.241

i R A A IR 1 AR ey, | R
TR .

BRI MERERIN . SO0 R AR WY, 14 RO 5 551 45 i
W H B S P TR P B, 1A € R 1) 25 Mk U-Net
PR THEFEER G FEE . 8GN, R ATHE
S R OR Y S=4 B E S Iz B IBUE T R
UGS AR

R B uE A 5% 25 A iU R FREM AEH A 2%
PR, IRATHEAT T = 4% LU SCHG . Al 6 4152 50 53 51 7
A5 FAL S FREM BEE )4 B0 T 2K H DDPM EL$2
AR TR 55 = 41 S50 I ZE RS B FREM A 155 40
TARAREZ ., F4RR T AFBE N FRR M

F4 FREEHRIZITTHE SR

Table 4 Ablation study for the face residual generation

strategy and the FREM
PSNR/dB
¥%2:  FREM ' SsSIMt  FID]  LPIPS)
18.14 0718  51.589  0.329
v 19.93 0.756  51.043  0.274
v 23.35 0.794 49464  0.255
v J 2523 0.806 48.802  0.241

TE LT A RS Il 1 AR s ey, | R
il

ReTEbn. SCOOEIE R, R AR 2528 OR M BT, &2 5
EI4 1 PSNR b B4 07 e ) 4dB; 245 A
FREM #i3tJ5 , PSNR 0] iff — 534 fin 24 2dB ., ixX 2e 45
RFEUESL T NG 5% 25 A8 B0 s 5 FREM 5 B 78
RT-FRR H (%) G884 HT L BE 08 1 25 42 F+ L B & IR
PEfE .

&7 AT AL T FREM A5 He 2 B0y £ R
FEAE S B € 21 %) X3 s A 1R S 92 IX 3 )
TR . A LI B FREM BCE th AT 50y 5 | Sy
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SRR T I AU R HIR 0 45 G B 1 A X [R]
FREM 2 JUi) 22 ROBE R IE AR 141 52 90 10 2 AL i 1
T AR, RV 00 284 418 4000 15 3R 2 4
T R 2 R 4 1 2 KU RRZ BF l LB AR RS 4
Jay R SCAE R

o pir b L
J'!f;,!" :%: e =
A et T 1N = R
i ;. .
S "-I:';.-"‘: i
: e =
-".j :-.:_} 1 o .:J
= :_!..{.' -
e X -
:;ﬁ I_l:':-' “n
*..-5,\]' | B = =
I RN,
/ ] B = n‘l. E‘:
E: g :
N e [ &
e Sy | -
St Foh, MR
Pl - Al o e o
L] - | "

() JFERE (D)5 —BHHIE ()85 Z2HFE ()5 = 2HHE
((a) original images (b) feature 1;(c) feature 2; (¢) feature 3)
K17  FREM 4@ iy 22 R K SE BB ORI
Fig 7 Multi-scale retouching features extracted by FREM.

eS8 Hh s 1 1 il S 38 1) S X FE A 2R
A LU B, FREM A5 iR i & (0 58 BURIE , BEfS
A RO R S DN ) 25 4 — B, A K 5k 22
A RS BEAT S RS RS R L

() wio k2 Tl

(c) w/o FREM

(d) A (e) 546

((a) retouched images ; (b) w/o residual prediction; (c¢) w/o
FREM; (d) ours; (e) original images)
K8 THRSLE ) EVER LE

Fig. 8 Qualitative comparison of the ablation study.

5 & it

AR X I B B2 JF (face retouching restora-
tion, FRR) X —H# BY T B AL GEAE 55 R IF R Ge
WF5T, B e e o P SR A PG b LR R IR
AISCEEROARMERT . FATTH T —Fh e T S R 5 |
YRR, RT-FRR %07 i B e 8t 7 —14
FE PR I AL 1T (multi-scale face retouching trace
extraction module, FREM) , i & 2y it & 2 F1 £
RO S5 i JB 00 24 A 3803 $1A [) R 1 56 B B U
5 o AEMEHER b TR B2 SRR AR S A R
AR, FHT R A0 6 SR G AR 5| 9 O Y Y
2 U-Net AT A% 22 1O T , e 2445 3] 5 I 4
NI e BE AR A SE U I MG, , SI2 B T T S S0 B 4
TR AE A P IR . S 1 A T VA A R
AE, FATA A T — 4> FEE S BUEUHE 4 ExRF, JF 7R
ExRF FIBLA A FF£035 4E RetouchingFFHQ 439 i#F
17 gl . LA R R, RT-FRRAEZ 1
Wrdabr B3R E LT A B IE R0 R e Ak B
JE S R R ) e O T A P R A . i Ah, AT AR
PPPAG W IESE 7% T IEAE DR A5 T E AR BE A 3
LT T )P o

JE 4 RT-FRR 7SR H I B 5T 55 h R B
AR A A — s SRy PR o ASE R o o o o S A
i BN , XA B A0 v B SE A 1 AT R 4R T 5 [
B, 3 O B AR I B, AR T SE R . Aok
TAERT N =I5 T R TT : Ho— M 2 2RSS 24
NHER R S LA gz v s = h e i sk 5 im
SRR BB ORI L fi v %R T S Bl i 15 A
P H = 7 e AU 56 1 0 it e = 2 — B A
NN T W ESGE S SR

£ 3% 37k (References)

Ateq K, Alhajji M and Alhusseini N. 2024. The association between use
of social media and the development of body dysmorphic disorder
and attitudes toward cosmetic surgeries: a national survey. Fron-
tiers in Public Health, 12: 1324092 [DOI: 10.3389/fpubh.2024.
1324092 ]

Bayar B and Stamm M C. 2018. Constrained convolutional neural net-
works: A new approach towards general purpose image manipula-

tion detection//IEEE Transactions on Information Forensics and

© h[E KR KL AR



XERR, 2R, iR, KNS, M
ETY RN EDAREGER

Security, 13 (11) : 2691-2706 [DOI: 10.1109/TIFS. 2018.
2825953 ]

Bharati A, Singh R, Vatsa M and Bowyer K W. 2016. Detecting facial
retouching using supervised deep learning. IEEE Transactions on
Information Forensics and Security, 11(9): 1903-1913 [DOI: 10.
1109/T1FS.2016.2561898 ]

Chang H, Lu J, Yu F and Finkelstein A. 2018. Pairedcyclegan: Asym-
metric style transfer for applying and removing makeup//Proceed-
ings of the IEEE Conference on Computer Vision and Pattern Rec-
ognition. Salt Lake City: IEEE: 40-48 [ DOIL: 10.1109/CVPR.2018.
00012 ]

Chen Y C, Shen X and Jia J. 2017. Makeup-go: Blind reversion of por-
trait edit//Proceedings of the IEEE International Conference on
Computer Vision. Venice: IEEE: 4501-4509 [DOI: 10.1109/
ICCV.2017.482]

Dong C, Deng Y, Loy C C and Tang X. 2015. Compression artifacts
reduction by a deep convolutional network//Proceedings of the
IEEE International Conference on Computer Vision. Santiago:
IEEE: 576-584 [ DOI: 10.1109/ICCV.2015.73 ]

Dong C, Loy C C, He K and Tang X. 2015. Image super-resolution
using deep convolutional networks. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 38 (2) : 295-307 [DOI: 10.
1109/TPAMI.2015.2439281 |

Forbrukertilsynet. 2021. The Marketing Control Act (Act No. 2 of Janu-
ary 9, 2009, relating to the Control of Marketing and Contract
Terms and Conditions, etc.) [EB/OL]. [2025-04-22].
https://www.forbrukertilsynet.no/english/the-marketing-control-act

Gu Q, Wang G, Chiu M T, Tai Y W and Tang C K. 2019. Ladn: Local
adversarial disentangling mnetwork for facial makeup and de-
makeup//Proceedings of the IEEE/CVF International Conference on
Computer Vision. Seoul: IEEE: 10481-10490 [DOI: 10.1109/
1CCV.2019.01058 ]

He K, Zhang X, Ren S and Sun J. 2016. Deep residual learning for
image recognition//Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition. Las Vegas: IEEE: 770-778
[DOI: 10.1109/CVPR.2016.90]

Heusel M, Ramsauer H, Unterthiner Tet al. 2017. GANs Trained by a
Two Time-Scale Update Rule Converge to a Local Nash Equilib-
rium//Advances in Neural Information Processing Systems 30. Red
Hook, NY: Curran Associates Inc.: 1146-1154 [DOI: 10.48550/
arXiv.1706.08500

Ho J, Jain A and Abbeel P. 2020. Denoising diffusion probabilistic mod-
els. Advances in Neural Information Processing Systems 33. Red
Hook, NY: Curran Associates Inc.: 6840-6851 [DOI: 10.5555/
3495724.3496298 ]

Hua X, Shu T, Li M X, Shi Y, Hong H Y. 2024. Nonlocal feature
representation-embedded blurred image restoration. Journal of
Image and Graphics, 29(10):3033-3046 (f£ 5, #7165, =ik ,
WP, Y E . 2024, Bl AR R AR R IE SRR RO RO ER 2 L.

[5 & 4 FE 2F 4, 29 (10) = 3033-3046) [DOI: 10.11834/jig.
230735

Isola P, Zhu J Y, Zhou T and Efros A A. 2017. Image-to-image transla-
tion with conditional adversarial networks//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.” Hono-
lulu: IEEE: 1125-1134 [DOI: 10.1109/CVPR.2017.632 ]

Jain A, Majumdar P, Singh R and Vatsa M. 2020. Detecting GANs and
retouching based digital alterations via DAD-HCNN//Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Rec-
ognition Workshops. Seattle: IEEE: 672-673 [DOI: 10.1109/
CVPRW50498.2020.00344 |

Karras T, Laine S and Aila T. 2019. A style-based generator architec-
ture for generative adversarial networks//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Long Beach: IEEE: 4401-4410 [DOI: 10.1109/CVPR. 2019.
00453]

Kawar B, Elad M, Ermon S and Song J. 2022. Denoising diffusion resto-
ration models. Advances in Neural Information Processing Systems
35. Red Hook, NY: Curran Associates Inc.: 23593-23606 [ DOI:
10.5555/3600270.3601984 |

Kazemi V and Sullivan J. 2014. One millisecond face alignment with an
ensemble of regression trees//Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. Columbus: IEEE:
1867-1874 [DOI: 10.1109/CVPR.2014.241 ]

Kingma D P and Ba J. 2015. Adam: A Method for Stochastic Optimiza-
tion//Proceedings of the 3rd International Conference on Learning
Representations. San Diego: 1-13 [DOI: 10.48550/arXiv. 1412.
6980

Liang J Y, Cao J Z, Sun G L, Zhang K, Van Gool L and Timofte R.
2021. Swinir: Image restoration using swin transformer//Proceed-
ings of the IEEE/CVF International Conference on Computer
Vision.  Montreal: IEEE: 1833-1844 [DOI:  10.1109/
ICCVW54120.2021.00210]

Li T, Qian R, Dong C, Liu S, Yan Q, Zhu W and Lin L. 2018. Beau-
tygan: Instance-level facial makeup transfer with deep generative
adversarial network//Proceedings of the 26th ACM International
Conference on Multimedia. Seoul: ACM: 645-653 [DOI: 10.1145/
3240508.3240618 |

LiY, Huang H, Cao J, He R and Tan T. 2020. Disentangled representa-
tion learning of makeup portraits in the wild. International Journal
of Computer Vision, 128: 2166-2184 [ DOI: 10.1007/s11263-019-
01267-0]

Lin X Q, HeJ W, ChenZ Y, LyuZ Y, Dai B, Yu F H, Qiao Y, Ouy-
ang W L and Dong C. 2024. Diffbir: Toward blind image restoration
with generative diffusion prior//Proceedings of the European Confer-
ence on Computer Vision. Cham: Springer: 430-448 [DOI: 10.
1007/978-3-031-73202-7_25 |

Liu S, Jiang W, Gao C, He R, Feng J, Li B and Yan S. 2021.

PSGAN++: Robust detail-preserving makeup transfer and removal.

13

© h[E KR K AR



14

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

IEEE Transactions on Pattern Analysis and Machine Intelligence,
44(11): 8538-8551 [ DOI: 10.1109/TPAMI.2021.3083484 |

Rathgeb C, Botaljov A, Stockhardt F, Isadskiy S, Debiasi L, Uhl A
and Busch C. 2020. PRNU-based detection of facial retouching.
IET Biometrics, 9 (4) : 154-164 [DOI: 10.1049/iet-bmt. 2019.
0196]

Saharia C, Ho J, Chan W, Salimans T, Fleet D J and Norouzi M. 2022.
Image super-resolution via iterative refinement. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 45(4) : 4713-4726
[DOI: 10.1109/TPAMI.2022.3204461 |

Shang S Y, ShanZ Y, Liu G X, Wang L Q, Wang X H, Zhang Z K and
Zhang J L. 2024. Resdiff: Combining CNN and diffusion model for
image super-resolution//Proceedings of the AAAI Conference on
Artificial Intelligence, 38 (8) : 8975-8983 [DOI: 10.1609/aaai.
v38i8.28746 |

Sun Z Y, Chen Y X and Xiong S W. 2022. SSAT: A symmetric
semantic-aware transformer network for makeup transfer and
removal//Proceedings of the AAAI Conference on Artificial Intelli-
gence, 36(2): 2325-2334 [ DOI: 10.1609/aaai.v36i2.20131]

SunZ Y, Xiong S W, Chen Y X, Du F, Chen W H, Wang F and Rong
Y. 2024. SHMT: Self-supervised hierarchical makeup transfer via
latent diffusion models. Advances in Neural Information Processing
Systems 37. Red Hook, NY: Curran Associates Inc.:92529-92538
[DOI: 10.48550/arXiv.2412.11058 ]

SunZ'Y, Xiong S W, Chen Y X and Rong Y. 2024. Content-style decou-
pling for unsupervised makeup transfer without generating pseudo
ground truth//Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. Seattle: IEEE: 7260-7269
[DOI: 10.1109/CVPR52733.2024.00726 |

WangJ Y, Yue Z S, Zhou S C, Chan K C K and Loy C C. 2024. Exploit-
ing diffusion prior for real-world image super-resolution. Interna-
tional Journal of Computer Vision, 132 (12) : 5929-5949 [DOI:
10.1007/511263-024-02168-7 |

Wang S Y and Fu Y. 2016. Face behind makeup//Proceedings of the
AAAI Conference on Artificial Intelligence, 30(1): 1-7 [DOI: 10.
1609/aaai.v30i1.10002 ]

Wang Z, Bovik A C, Sheikh H R and Simoncelli E P. 2004. Image qual-
ity assessment: From error visibility to structural similarity//IEEE
Transactions on Image Processing, 13 (4) : 600-612 [DOI: 10.
1109/T1P.2003.819861 ]

Wang Z X, Zhang Z Y, Zhang X Y, Zheng H J, Zhou M Y, Zhang Y
and Wang Y F. 2023. DR2: Diffusion-based robust degradation
remover for blind face restoration//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Vancou-
ver: IEEE: 1704-1713 [ DOL: 10.1109/CVPR52729.2023.00170]

Wei Y Y, Mao TY, Li BA, Wang I, Li F, Zhang Z, Zhao Y. 2025.
Visual and large multimodal models promote image restoration and

enhancement: research progress. Journal of Image and Graphics,

30(5):1197-1219 (F R4, BR—, M8, T8, 24, 3%
A, B 2025, DLUBERLIR K 22 R3S AR kP 5 52 o i
FLHE R . P E A G ETE 2 4R, 30(5) £ 1197-1219) [DOI: 10.
11834/jig.240436]

Wu R, Sun L, Ma Z, Zhang L. One-step effective diffusion network for
real-world image super-resolution. Advances in Neural Information
Processing Systems 37. Red Hook, NY: Curran Associates Inc.:
92529-92533 [ DOI: 10.2139/ssrn.5247892 |

Xiao J, Fan Z H, Li D, Fu X Y, Zha Z J. 2025. Non-causal selective
state space model for image restoration. Journal of Image and
Graphics, 30(10):3173-3186 (M7, W75, 24K, MEHH, &
IEZE. 2025, 10 [ G I AR DR R g B MRS 2 Tl AL . i [
(&% KIE24R ,30(10) :3173-3186) [DOI: 10.11834/jig.240517 ]

Ying Q C, Liu J X, Li S, Xu H S, Qian Z X and Zhang X P. 2023.
RetouchingFFHQ: A large-scale dataset for fine-grained face
retouching detection//Proceedings of the 31st ACM International
Conference on Multimedia. Ottawa: ACM: 737-746 [DOI: 10.
1145/3581783.3611843 ]

Zamir S W, Arora A, Khan S, Hayat M, Khan F S and Yang M H.
2022. Restormer: Efficient transformer for high-resolution . image
restoration//Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. New Orleans: IEEE: 5728-5739
[DOI: 10.1109/CVPR52688.2022.00564 |

Zhang R, Isola P, Efros A A, Shechtman E, Wang O. 2018. The Unrea-
sonable Effectiveness of Deep Features as a Perceptual Metric//Pro-
ceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. Salt Lake City: IEEE: 586-595 [DOI: 10.1109/
CVPR.2018.00068 ]

Zhou E, Fan H, Cao Z, Jiang Y, Yin Q. 2015. Learning face hallucina-
tion in the wild//Proceedings of the AAAI Conference on Artificial
Intelligence 29. Palo Alto, CA: AAAI Press: 1-7 [DOI: 10.1609/
aaai.v29i1.9795 ]

fEEE T

XUVEEIR, L, i WF 50 AR, ARSI 1) R S8 BN R 18 52
Jii. E-mail:23210240085@m.fudan.edu.cn

ARk BAEIES 5, RIZUR , EZEWEIE 7 1) o A B B A
WA ZHR N AL 2 F{E YU . E-mail: lisheng@fudan.
edu.cn

B, 5 HE, BRI 2R B4 BRE A
FKED  EHRBGIE % 355 40P . E-mail : zxqian@fudan.
edu.cn

ST, B A, EEATDT 0 ZRE R A AL &
4 EMEA B, E-mail : zhangxinpeng@fudan.edu.cn,

NEMGE 5 5 RS 5 1) AR A | B 2
4 SEEKIN . E-mail:20110240050@fudan.edu.cn

© h[E KR KL AR



