DIFFCLEAN: Diffusion-based Makeup Removal for Accurate Age Estimation
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1. Failure Case Analysis

Fig. 1 shows examples of failure cases of makeup removal
by DIFFCLEAN on the LADN dataset. Failure cases in-
clude drastic Halloween-style makeup, where our method
can reduce the effect of makeup traces but not completely re-
move them. In the future, will use semantic segmentation
masks to drive locally adaptive makeup removal against
extreme makeup.

Figure 1. Failure cases of DIFFCLEAN on extreme Halloween-style
makeup images.

2. Additional evaluation

We present additional analysis by evaluating on new syn-
thetic makeup data (IMDB-Clean), more results on baseline
(MAD) and new face recognition model (IR-152).

(A) Data. We test our method on a synthetic makeup
dataset IMDB-Clean [3], which is the age annotated version
of IMDB-Clean. We used EleGANt [7] to curate the syn-
thetic makeup transfer. We observe the following results. In
terms of Minor/Adult accuracy(1): 93.7% (Makeup), 87.3%
(CLIP2Protect), 94.6% (Ours-SSRNet). In terms of MAE(].):
2.5 (Makeup), 3.4 (CLIP2Protect), 2.5 (Ours-SSRNet). Our
method results in higher accuracy and lower MAE. We pro-
vide additional visual comparisons on example images from
CelebA-HQ dataset in Fig. 2

(B) Baseline. We present more examples of compari-
son between, DIFFCLEAN and MAD [4]; see Fig. 3. MAD
struggles to restore original age and may introduce visible ar-
tifacts. The artifacts are more evident if the test dataset

Table 1. Performance on BeautyFace dataset using IR-152 and
MobileFace matchers in terms of genuine similarity scores(?).

Method [ IR-152  MobileFace
CLIP2Protect 0.85 0.83
DiffClean

(Ours-SSRNet) 0.92 0.95
DiffClean

(Ours-CLIP) 0.91 0.94

(CelebA-HQ) is different than the training dataset (MT)
showing limited generalizability. In contrast, our method
can handle cross-dataset and cross-style makeup removal.
Even when tested on trained data (MT), it introduces hallu-
cinations such as lower teeth in Fig. 3 (1st row), which are
not present in the original image.

(C) Face recognition. We computed the cosine simi-
larity scores for the same identity (only genuine pairs) be-
fore makeup removal and after makeup removal using our
method, DIFFCLEAN on the BeautyFace dataset using two
different face matchers: IR-152 and MobileFace. We further
compared it with the results of CLIP2Protect. The purpose
of this experiment is to examine if our method introduces
artifacts that inadvertently lowers the biometric similarity,
resulting in false non-matches. As seen from the results
in Table 1, our method produces higher genuine similarity
compared to CLIP2Protect, thereby having lesser chances of
false non-matches.

3. Real-world makeup data analysis

We present the performance of our method in terms of iden-
tity verification on LADN dataset [1] in Fig. 4 and image
quality evaluation on LADN and Makeup-Wild datasets in
Table 2.
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Figure 2. Comparison of makeup removal results generated by six baselines and our proposed DIFFCLEAN (last two columns) on three
example images from CelebA-HQ [2] dataset. GAN-based baselines (BeautyGAN, LADN, PSGAN++) introduce visual artifacts, while
CLIP2Protect alters hair color and style, DiffAM does not effectively remove makeup, and MAD produces distortions on unseen data.
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Figure 3. Results of makeup removal on real-world makeup images
from MT (top row) and CelebA-HQ (bottom row) datasets by
MAD (baseline) and DIFFCLEAN (our method). Note our method
is capable of restoring the correct age (indicated in white) compared
to MAD.

Table 2. Results of makeup removal in terms of image quality
metrics (SSIMT and PSNR7T) on real-world makeup datasets LADN
and Makeup-Wild.

LADN Makeup-Wild
SSIM  PSNR || SSIM PSNR
Ours-DIFFCLEAN (SSRNet) 0.94 30.77 0.97 35.09
Ours-DIFFCLEAN (CLIP) 0.94 30.59 0.97 34.97

Method

4. Performance breakdown by age groups

We present a detailed performance breakdown of DIFF-
CLEAN on each age group in Table 3. Note that CLIP-
based age loss is marginally better than SSRNet-based age

loss. Our method improves the age estimation accuracy
on the target age groups (minors/teenagers): [10-14] from
25% (CLIP2Protect) and 28% (DiffAM) to 46% (Ours);
age group [15-19] from 26% (CLIP2Protect) and 31% (Dif-
fAM) to 43% (Ours) as seen in Table 3, while sacrific-
ing accuracy in [20-29] age group by 8%. On average,
our method achieves the lowest mean and standard devi-
ation of MAE across 9 age groups, as follows: 6.53 £+ 2.4
(CLIP2Protect), 6.31 &+ 2.1 (DiffAM), 5.75 £ 1.7 (Ours-
SSRNet) and 5.70 £ 1.7 (Ours-CLIP).

We further investigated the drop in performance in the [20-
29] group by comparing the ground-truth age with predicted
age on original vs. makeup removed images in FFHQ. We
observed MAE: 3.75 vs. 4.11, number of underestimation
errors: 24 vs. 51, number of overestimation errors: 64 vs. 45.
This shows that our method lowers the overestimation errors
in predicted age due to makeup at the expense of overall
higher MAE.

5. Importance of Weighted Self-Adjusted
Smoothed L1 Loss Function

Eqn.(1) in the main paper refers to the self-adjusted
smoothed £; loss function adopted in RetinaMask which
is weighted by 3.0 for the vulnerable age groups between
10-29 yrs. It produced the lowest MAE compared to other
losses; see 4.

6. Impact on adversarial makeup transfer-
based privacy protection

Both CLIP2Protect and DiffAM are essentially makeup
transfer-based privacy protection schemes that imperson-



Table 3. Results of age estimation accuracy (%) 1" on each age group on the FFHQ dataset.

Age grou Makeup images CLIP2Protect DiffAM DIFFCLEAN (Ours) DIFFCLEAN (Ours)
ge group up g (‘no makeup’) prompt (MR) SSRNet age loss Clip age loss
0-2 0.0 0.0 0.0 0.0 0.0
3-6 2.1 1.8 2.8 1.8 1.4
7-9 35 2.5 39 39 5.0
10-14 26.5 25.1 28.6 45.5 46.2
15-19 28.8 26.8 30.6 434 43.0
20-29 75.6 72.6 68.0 65.0 65.0
30-39 50.1 47.1 48.0 48.7 46.9
40-49 53.7 58.1 58.1 53.4 55.5
50-69 70.2 66.3 72.2 70.7 70.7
Table 4. Comparison of Ly sy, with £1, L2, and Huber loss func-
tions for age estimator.
—&— DiffClean (Ours with SSR-Net)
—e— DiffClean (Ours with CLIP) MAE with different age losses
__ 100+ + + + + Age Group Pretrained L1Loss MSE Loss Huber Loss Ly s; (Eqn.1)
s 02 202 2.1 31 26 1.6
= 3-6 279 23 26 25 22
z %] 7-9 29.2 3.7 4.1 37 3.1
e 10-14 26.4 5.0 5.1 5.1 4.6
£ o] 15-19 18.8 5.6 6.1 6.3 53
< 20-29 14.6 6.4 6.2 6.5 6.1
g 30-39 12.6 6.6 6.0 6.4 6.0
F a5 40-49 9.7 8.0 7.0 7.7 6.8
50-69 9.4 9.7 8.7 8.9 6.9
Average 18.7 55 54 5.5 4.7
® 101 100 10! 102
Falee M;tCh F:te (IR %) Table 5. Attack Success Rate (ASR) (1) with MobileFace after
aceNet makeup removal with DIFFCLEAN on protected faces generated
using CLIP2Protect and DiffAM.
100 : - . . Attack Success Rate
ol Methods (ASR)
s CLIP2Protect DiffAM
=
3 Protected Faces 83.04 58.62
2 0l DIFFCLEAN
5 84.35 61.45
g (Ours-SSRNet) M ™
60 1
s DIFFCLEAN
= 84.56 62.80
50 (Ours-CLIP) P P
=&— DiffClean (Ours with SSR-Net)
L4 —e— DiffClean (Ours with CLIP)
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False Match Rate (FHIR %) cess rate (ASR) [6] of the protected faces on MobileFace
MobileFace FR modd (threshold=0.302) at False Match Rate=0.01 following [5].
moae _ #sim(protectedface,targetid)>th
Method T MobileE ASR = Zno ofeomparisons . We conducted
aceNet obileFace . ¢ 4 .
a preliminary analysis using 1,000 images from CelebA-
Ours-DIFFCLEAN (SSRNet) || 81.6 69.0 HQ [2] dataset and one targeted identity for impersonation
Ours-DIFFCLEAN (CLIP) 80.2 41.5 attack with 1 prompt for CLIP2Protect (‘Matte’) and 1 refer-

Figure 4. (Top): ROC curve with FaceNet. (Middle): ROC curve
with MobileFace. (Bottom): Biometric matching in terms of TMR
(%) @FMR = 0.01% (higher is better) with FaceNet and Mobile-
Face matchers on LADN dataset.

ate a targeted identity to fool the face matcher. DIFF-
CLEAN removes makeup using a diffusion model, and
we wanted to investigate whether it affects the attack suc-

ence style from DiffAM (‘XMY-060’). Our initial findings
indicate that DIFFCLEAN is benign and does not compro-
mise the privacy of protected faces (see Table 5). In the
future, we will comprehensively analyze this impact on vari-
ous protection mechanisms across multiple makeup styles.
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