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Face retouching restoration based on a diffusion model
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Abstract: Objective The widespread use of face-retouching techniques across social media platforms has generated signifi-
cant societal concerns that extend beyond aesthetics, giving rise to psychological consequences, such as body dysmorphic
disorder, undermining trust in digital imagery and reinforcing pervasive cultural norms surrounding beauty standards. Face-
retouching is widely perceived as more convenient than face swapping and has been integrated into numerous social network
applications. Although existing research has made substantial progress in detecting retouched faces using a range of compu-
tational approaches, the critical task of reversing these modifications to reconstruct original facial features and restore

authenticity in digital images remains largely unexplored. This disparity highlights a significant gap between detection capa-
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bilities and the development of practical restoration solutions. This study formally introduces face retouching restoration
(FRR) as a novel computer vision task, distinguished from related problems, such as makeup restoration and general
image restoration, by its explicit focus on subtle textural modifications and extreme structural alterations characteristic of
retouched facial images. The primary objective is to accurately recover authentic facial characteristics from heavily manipu-
lated images by addressing two key technical 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 typically address only a single aspect of facial modification. Furthermore, this study
aims to establish standardized evaluation protocols and datasets for this emerging research direction, recognizing that exist-
ing benchmarks designed for retouching detection are inadequate for assessing restoration quality. The proposed approach
advances digital media forensics by providing practical tools for content authentication while simultaneously contributing to
the broad discussions on image manipulation in the digital age. This study aims to shift from passive detection to active res-
toration, with potential applications in forensic analysis, psychological counseling, and digital media literacy initiatives.
Method The proposed retouching-guided diffusion model for FRR (RT-FRR) introduces a novel dual-component architec-
ture that synergistically integrates diffusion-based generation modeling with targeted retouching artifact analysis. The frame-
work incorporates a face retouching estimation module (FREM) that utilizes constrained BayarConv layers with 5 x 5 x 3
kernels, specifically designed to amplify manipulation artifacts while suppressing authentic facial features. This preprocess-
ing stage exiracts multi-scale retouching traces through four successive ResNet blocks, capturing local pixel-level inconsis-
tencies and global structural alterations. These hierarchical features serve as conditional guidance for the second component
—a denoising diffusion probabilistic model configured with 1 000 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 distinct network depths, allowing progressive integration of retouching traces with diffusion priors throughout
the denoising process. This multi-scale attention strategy facilitates 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 utilizes the Adam algorithm across 100 000 iterations with a fixed learning rate of 107
using a composite loss function that balances pixel-wise reconstruction accuracy with perceptual quality metrics. The
authors created the extreme retouched face dataset (ExRF) comprising 1 000 high-resolution image pairs with severe yet
plausible retouching operations, manually generated using professional editing software with consistent extreme parameter
seltings, for a comprehensive evaluation. This dataset complements the existing RetouchingFFHQ benchmark , ensuring
robust validation across the full spectrum of retouching intensities from subtle enhancements to dramatic transformations.
The framework operates on 512 X 512 resolution images, maintaining architectural consistency with state-of-the-art diffu-
sion models while being specifically optimized for facial feature recovery tasks. Result Experimental evaluation demon-
strates that RT-FRR achieves state-of-the-art performance in face retouching restoration, significantly outperforming exist-
ing methods across multiple quantitative and qualitative metrics. On the ExRF dataset, which features significantly
retouched faces, RT-FRR achieves a PSNR of 25.23 dB, surpassing the second-best method ResDiff by 1.9 dB, along
with superior scores in SSIM at 0. 806, FID at 48. 802, and LPIPS at 0. 241. These results highlight the model’s effective-
ness in recovering 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, demon-
strates that RT-FRR consistently delivers high-fidelity reconstructions, particularly in cases of significant retouching where
prior methods frequently fail. On the RetouchingFFHQ dataset, which features mild retouching, RT-FRR maintains strong
performance with a PSNR of 25. 39 dB, demonstrating robustness across different retouching intensities. Qualitative assess-
ments reinforce these findings, with feature similarity heatmaps and t-SNE visualizations confirming that RT-FRR more accu-
rately recovers facial identity characteristics than competing approaches. The model successfully reconstructs fine-grained skin
textures while correcting exaggerated structural changes, such as unnaturally thinned jawlines or enlarged eyes, without introduc-
ing artifacts common in GAN-based or transformer-based methods. Ablation studies underscore the importance of key design

choices, where the face residual generation strategy alone contributes a 4 dB PSNR improvement, while the FREM module
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adds an additional 2 dB 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 appear-

ance. These results establish RT-FRR as a comprehensive solution for face retouching restoration, effectively addressing

textural and structural recovery with unprecedented accuracy. Conclusion In this study, we focus on FRR, a novel task

focused on recovering original facial features from retouched ones, particularly those that are significantly retouched. We

propose RT-FRR to recover the textural and structural face features from a retouched face, where a face retouching estima-

tion module is designed and incorporated to extract the retouching trace to guide the FRR. The retouching traces are inte-

grated with the denoising U-Net of the DDPM through an attention mechanism for an accurate face residual generation. We

evaluate the performance of RT-FRR on an existing face retouching dataset and the newly constructed ExRF. On both

datasets, our RF-FRR outperforms existing makeup removal and image restoration schemes in the task of FRR.

Key words: image restoration ; face retouching restoration(FRR) ; diffusion model ; attention mechanism ; residual prediction
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Fig. 4 The overall pipeline of proposed RT-FRR

3.2 ANKEEBURITIRE

ALV T — A2 RO SE IR 6 4 IR e
(FREM) , J T4 %0 B S5E B A 317 A 9 BE SO
FREM #5 e 5 75 £ B3 # 26 2 Ak B 7 A= 1) BL BUR
T, JE H g L 2 R SRR BT | RO Y
A7 KG WE 1Y 5% 22 Wil . BayarConv (Bayar 1 Stamm,
2018) ]z N TGS SR IAE 5 . S5E5EH
B RUZAN ], Hol o B U TR R 29 5, et B
T 0 H AT R N A B T, SR AR T R h 4

BUURIE . AHOR T BayarConv 1 45 B2 i
BRI S B, BB B R RN 5 % 5 % 3,
REAZ A 325 107 1 410 1) P21 45 P 25 0 LSRR A T4, DA
T B A R4 B B BL R TIE . BayarConv 75 2238 2 DA
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w(o,O):—l,zw(i,j):l (3)
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{18 R A2 A, AT B S b, A7 B8 o5 DX 3 - i (4 42 I
515

kA L O AR () 25 A8 R R 15 BB
5% BayarConv )2 B AR (fBa)arCuny )ik AZAA]
WZRAY ResNet 5% 22 (fy, ) (He 55, 2016) 4T Bk
— A DB ROBE N 56 B B MU f, 1] LA
TR

S=100L S5} = freooe Sragarcon (X)) (4)
Kb fi(Ge{1,2, -+, S ) FoRHE i Mok PRI 1Y
FAE L S Sy 2o RUBE B O 0 4 BURS B8 5 114 R 4L
HHS . BEE  HUUE, M BB AR AE £ S
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T WA i SR f, P IR R AE X IR EE H W A2, 4ok
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DGt 4 Jry i SCAS—BURAIE , L0 A T 38 L 451 2
TR G 3 I A FEAE S EOFL ] FREM RE6% 42 1 2
B AG Z RH 1 SLE Y S BRI
3.3 EBURITS| FHIEMRE U-Net

T 3. 2 TR ECE 1 22 RO NG 56 B ORI
FRAEf, AR REBET T — A S BRI 5 | 3 A 2 Mk U-
Net %% &, (-), 18 17 28 S AL 56 BRI 5 8
A NG 5% 25 1) Fe Wik 72 o AN [R5 58 U-Net K H
(14 B B 2, AR S ¥ R 28 S B LR 2 R
JBE 55 U 6 e S5 1) U-Net £ %55 17 o (] J2 HRAE , BLA
SEEANE

Q = W(()i) - M,
K. =Ww/-f (5)
V.= W»('i) - f;
KT
M =g (25 )y (6)
Jd,

A, M., M5 7R U-Net 55 ¢ J2 S A RNy 1 4
fE, W, W, Wk al 22 2] AR, d, Fon A
TR Q (A HERE o (B TE RN, AR SC 2 Rk S 7
U-Net i) 1 J2 58 B BRI AFAIE , iIX R THE £ 02
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wmr
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DAL Ak 2 g ARG 4 Sl 45 T
RT-FRR 7EYI 2R R Be i) PE At i 72
B 1 RT-FRR I ZRd 72
1)f = FREM(X);
2)r,=Y - X;
3)while not converged do;
4) t ~ Uniform {1,---,T};
5) e,~N(0, I);
6)rl=\/§LrO+A/l -, e
7) Ve 81 - 8€(rr’X’f.’t) ‘ ‘;
8)end while,
5 2. RT-FRR #EHULFE
1)f = FREM(X);
2)r~N(0,1);
3)fort=T:1 do;
4) z~ M(0, I)ift> 1, else z=0;

1 1l -«
5)r_, = r, — : S(TL,X,f,t) + 0,z;
| ﬁ( Ji-a
6)end for;
7)YA=X+r0o

4 £ I

4.1 ZBiEE
4.1.1 SEH4TY

ARSCHOBE R R 2 BB S e by 4, 47 Bt [
o TCE M 1000, IRt 72k H Adam I8 16 %%
(Kingma 1 Ba,2015) %} RT-FRR AR BEA T4k, Y1145
e NH 16, BINGERKECH 10 7K, PG 2
> RE E R 107 BERYSEBR TR B 2% 2 Pytorch HE
2SS AE NVIDIA RTX 3090 K Fog . 7E5ukE
X153 77 1, ExRF 040 52 4% 1R 80% Yl ZhAE A . 10% 55
TERE AR N 10% 1380 AR 1) B o EL B 2EA TR 430 A
T A EPHE BRI PERE A SCIA M T R 3 Bk AT
55 M FIHE Y RetouchingFFHQ #0454 (Ying 45 ,2023)
BEATIZ AP 280 4 S &t AR R
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FPAL B AREA , BRI P B R A S 2 H e
RAFALIE WAL B TR BT B g SE e 1. T Ay
TR MG IS G — ST 512 x S124Z F R LI
PRPPAl—Ek
4.1.2 VAR

g TV TR O B RO T VA R ROR AR SR
BRI Hr e bR . 55 1 282 AE TR ZAHMUE B
U1 {5 M FE (peak signal to noise ratio, PSNR) Fl14% #4
AH L P 45 X (structural similarity index measure,
SSIM) (Wang 45 , 2004 ) ; &5 2 2 Sy I it i 174l 45
br, ALHE AT 2 7% (1) 22 2] B R HUAH L (learned
perceptual image patch similarity, LPIPS) (Zhang %5 ,
2018) F1JC Z % (1 ¥F Al 45 5 FID (Fréchet inception
distance) (Heusel 55 ,2017) . Sk fiij & & J7 KGR 16 5
I JZ 8T A4 DR ELRE A0 2R FH N IR TR ) 455 28 (Kazemi
1 Sullivan, 2014) S HC AT A K B 3 R AL 545 AR DL JEE
3T
4.1.1 X

T B AIE AR S5 ¥R B A ROHE L R 3R Y RT-
FRRAZY 5 9 A SC T ik T 1T R G0 . by
5 Makeup-go J5'7% (Chen 55 ,2017) . BeautyGAN Jy %
(Li%%,2018) \SSAT 7574 (Sun 5% ,2022) L & CSD-MT
7515 (Sun %5, 2024b ) S5 5 XMl 25 F B AT 55 1Y FR 4 5
B, DL R UGS JEAT: 55 1Y Pix2pix J5 i (Tsola 55
2017) . Restormer J5 1% (Zamir %5 , 2022) . SR3 J7 %
(Saharia 55 ,2023) .DR2 J5 ¥ (Wang 55,2023 ) . OSE-
Diff 77 7% (Wu 5% ,2024) L) K ResDiff J5 7 (Shang 5% ,
2024), JXLEFELLBIALR E AL T A2 4 Sk
TAE AT R 2% LT Transformer H1HE T4 B B
428 UM o PR X L SEER B 1, BT A
BELAGTRY LS R FH 6 18 SO & AT S BLI R
4.2 TEEHH

WK1 PR 18 LB ExRF Bdi 4 bR
SRR RT-FRR 73 B 52 J5UE 55 b e B i
BRI PEREOLH . NS HE il DL, B Beau-
tyGAN %5 )7 A 25 L SR U s 1 B 2OR L (H
XU T7 VLM LA B ARG M A2 Ak T B EAT P
PERY &S UG 2 J5AT 55 B PEfE W 35 T R, 55
b PG L, 3 288 5 G Mk AR T3-A 880y B RAICR .
5 455 K15 52 57 15 4 Restormer F1 SR3, AR BE—%E
FREE 1K EUREE I RRAT , AFLAE DA 508 T R AT
JEEERMEN P RAXRE. MELZTT AR

Ty %3 3 2o RO B O R BB A 25 AR TR R
JEE B NG 22 BB R I, BEAS S0 O 7R 4 (AL 1
MR G, ARl B i 2 R A K% . RT-FRR
A R 5 LA 25. 23 dB Y PSNR 1 0. 806 1)
SSIM i & F H A FLLR ALY | A R IR A Y Res-
Diff, PSNR#2 7} 7 3. 09 dB, SSIM 7} 7 0. 03, 7F /8%
5T PEA BE ST, TR ) RT-FRR 2B B &2
K% () FID A1 LPIPS i B A7 W 35 e % , 5 5 A
48. 802 F110. 241, 31X F W RT-FRR 4 11 & 7G5
BN T

X1 ExRFEIBEEMESITEL

Table 1 Quantitative comparison on the ExRF dataset

ik PSNR/ABT SSIMT FID| LPIPS|
LTI 17.76 0.578  87.589  0.286
Makeup-go 13.22 0.442 82735  0.399
BeautyGAN 16.50 0.563  87.869  0.391
SSAT 16.44 0.575 101.079  0.381
CSD-MT 18.38 0.598  77.852 0.326
Pix2pix 23.33 0.667  73.672 0.323
Restormer 20.93 0.681  59.661  0.362
SR3 18.14 0718  51.589  0.329
DR2 17.70 0.560  73.028  0.373
OSEDiff 22.03 0.748 51294 0.289
ResDiff 22.14 0.776  50.447  0.281
RT-FRR(A30) 25.23 0.806  48.802  0.241

T L TR R A S I R 1 R g, L7
(SR T

F2 IR THE Ying 55 A (2023) 42 4 T 41k
J 55 BRI 1Y RetouchingFFHQ 046 4 I 1Y 52 56 %%
S Uit — L B UEA SO ik iz Akt . Nk 2 T LA
F tH, RetouchingFFHQ H 8 K G T 2838 117 55 B
BRVEALBRA MRS AN, L0 T AR B L b B Y SE AL
B, BRI GEARAEAS B 5, (TS 25 50 Bl b el 25 T R A
T A o SIS F o] LA Y, B0 5 6 X Aok
& B A SR B AN IR, B B LR AL AR Restormer
) PSNR {¥ & 24. 59 dB. [fii FT$2  RT-FRR i i 2
FROBEREAE 23 M7 , BB A R $2 313X L8 4 i 22 4k, LA
25.39 dB [ PSNR 1 0. 885 1% SSIM & 2t T Hofth &
LAY A, RT-FRR [ FID 24 27. 691, B R AL 5%
RUPE T 3 FRUGIE B T 48 5 i 1) A D A G o 4
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J7 5N Restormer B2 98 76 546 5 52 B 7y 5 v 2R 90 ot v
(PSNR 24.59 dB) , {H7E 5 & 3L B 1 50 T MERB PR %
(PSNR 20. 93 dB) , 1Ml fIr#2 *) RT-FRR 7& WA [7]
S ARREEAS B4 0 & SR R T TR Ik A
BRIz LRE S o BUAb, X 2s ST i, il
AP BALE S 2 RO RHE S B A PLZE A L RT-
FRR A [ 15 1o Hh A A ] 5 38 110 55 B4 1, o 5
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%2 RetouchingFFHQ #FE N EEXTLL
Table 2 Quantitative comparison on the
RetouchingFFHQ dataset

ik PSNR/ABT SSIMT  FID! LPIPS|
LN 2221 0.776  39.637  0.181
Makeup-go 14.27 0.531 46443 0314
pix2pix 24.61 0.851  36.614  0.189
Restormer 24.59 0.848 28435  0.196
SR3 23.78 0.858 35746  0.208
DR2 21.72 0.665  39.568  0.293
OSEDiff 24.37 0.835 34941  0.184
ResDiff 24.43 0.863  32.179  0.180
RT-FRR(A30) 25.39 0.885  27.691  0.169

TE RIS R 5 S R e 2R 1 R B, |7
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Ji 4y PG 5 L S B NRAS 8 S5 S AR 6 I G R W]
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I e PRASr 5 D s RGO v (R AR DL O
4.3 TEHEESH

K 6 R T AR 7 i 78 ExRF $s 4 Lk i1 &
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(Sun %, 2024b) AR B A 2B L BRI T

g

Z
g

(e) A (0 Jsthis
K5 FRAEARMLEE B4 141

Fig. 5 Feature similarity heatmaps ((a) retouched;
(b) Pix2pix; (c¢) CSD-MT; (d)Restormer;

(d) Restormer

(e) ours; (f) original )
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(a) JEIRIA (b) FEHA (c) Pix2pix

(d) CSD-MT

(e) Restormer (f) ResDiff (2) AL

Bl6  ANRITTIESZ IR RS R 0 E PR X e

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

((a) original images; (b) retouched images; (¢) Pix2pix; (d) CSD-MT; (e) Restormer; (f) ResDiff; (g) ours)

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

JZY%0S PSNR/ABT  SSIM T FID | LPIPS |
5=1 24.41 0.799 52.108 0.248
§=2 25.11 0.804 50.074 0.245
5=3 25.13 0.806 49.946 0.244
S=4 25.23 0.806 48.802 0.241
TE I RN S R s R 1 IR e gy, |7
AL

x4 AN E £ ARG FREM BB EI T B K10

Table 4 Ablation study for the face residual generation

strategy and the FREM
%% FREM PSNR/BT SSIMT  FID]  LPIPS|
- - 18.14 0718 51589  0.329
- N 19.93 0.756  51.043  0.274
N - 23.35 0.794  49.464  0.255
N N 25.23 0.806  48.802  0.241

TE RIS R 5 F e R 2R 1 R B, L7
PRFA AT V" Feor X R, = FR A

718, e H (BT 14 DXl s AR TR 2 X ) O 1
JEM R . ATRAE B FREM BLE A 250 5 | 54

IR T Q0TI AR L R IR S A OC B T AR DX S R E
FREM $2& B 22 RUBEREAE A T 2 30 2 A i v
B A, RIVR 2 I 4 4 B 20 0 B 5 3R A

T MR W 4538 1t 22 RO IR a2 W7 ml DA B 3 4
)%LTIEM

TH S50 1 s PEXT LS R 8 s . T LLE
3|, FREM 545 52 R 1 2 7 6 BRI , BE 98 A 2506
PR JF NG ) 4548 — B0k 1l G 5% 22 48 iR

(a) 4RI

(b) %‘ 1 JZHHE (o) % 2 HE (@53 A
€17  FREM S 9 2 RO SEBEL R Rk
Fig. 7 Multi-scale retouching features extracted by FREM

((a) original images; (b) feature 1; (c) feature 2; (d) feature 3)
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Fig. 8 Qualitative comparison of the ablation study

(e) Jtilal

((a) retouched image; (b) w/o residual prediction;

(¢) wlio FREM; (d) ours; (e) original image )
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