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Abstract

While deep face recognition (FR) systems have shown
amazing performance in identification and verification, they
also arouse privacy concerns for their excessive surveil-
lance on users, especially for public face images widely
spread on social networks. Recently, some studies adopt
adversarial examples to protect photos from being identified
by unauthorized face recognition systems. However, exist-
ing methods of generating adversarial face images suffer
from many limitations, such as awkward visual, white-box
setting, weak transferability, making them difficult to be ap-
plied to protect face privacy in reality.

In this paper, we propose adversarial makeup transfer
GAN (AMT-GAN)1, a novel face protection method aim-
ing at constructing adversarial face images that preserve
stronger black-box transferability and better visual quality
simultaneously. AMT-GAN leverages generative adversar-
ial networks (GAN) to synthesize adversarial face images
with makeup transferred from reference images. In particu-
lar, we introduce a new regularization module along with a
joint training strategy to reconcile the conflicts between the
adversarial noises and the cycle consistence loss in makeup
transfer, achieving a desirable balance between the attack
strength and visual changes. Extensive experiments verify
that compared with state of the arts, AMT-GAN can not only
preserve a comfortable visual quality, but also achieve a
higher attack success rate over commercial FR APIs, in-

1https://github.com/CGCL-codes/AMT-GAN
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Figure 1. Comparison with existing adversarial attacks on FR sys-
tems in the black-box setting. The images in (a) are directly ex-
tracted from their papers. The numbers listed below images are the
verification confidence of the target identity given by commercial
FR APIs, and a higher score represent a stronger attack ability. The
blue is from Face++, the green is from Aliyun, and the red is from
Microsoft Azure (The same color code will be used hereinafter).

cluding Face++, Aliyun, and Microsoft.

1. Introduction
Recent years have witnessed the fast development of face

recognition (FR) based on deep neural networks (DNNs).
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The powerful face recognition systems, however, also pose
a great threat to personal privacy. For example, it has been
shown that FR systems can be used to identify social me-
dia profiles and track user relationships through large-scale
photo analysis [16,31]. Such kind of excessive surveillance
on users urgently demands an effective approach to help in-
dividuals protect their face images against unauthorized FR
systems.

Launching data poisoning attacks towards the training
dataset or the gallery dataset of malicious FR models is a
promising solution to protect facial privacy [3, 29]. How-
ever, these schemes require that the adversary (i.e., the users
in our scenario) can inject poisoned face images into the
datasets. Once the target model is trained or makes infer-
ence over clean datasets, they are likely to become invalid.

Another strategy is to make use of adversarial examples
to launch evasion attacks and protect face images from be-
ing illegally identified [26, 32, 40]. Adversarial face images
are more suitable for protecting user privacy in real-world
scenarios since they only need to modify users’ own data re-
gardless of the settings of the target model. Unfortunately,
existing approaches of generating adversarial face examples
suffer from several limitations when they are considered to
protect face privacy on social media: (1) Accessibility to
target models. Most existing schemes belong to white-box
attack (i.e., the adversary has full knowledge of the target
model) [11, 24], or query-based black-box attack (i.e., the
adversary can arbitrarily query the target model) [9]. They
are infeasible for protecting users’ privacy since the users
have no idea which kind of DNNs the third-party tracker is
running; (2) Poor visual quality. As shown in Fig. 1, ex-
isting adversarial attacks on FR system fail to preserve the
image quality in the black-box setting. Patch-based adver-
sarial attacks [22, 37] often cause a fairly bizarre and con-
spicuous change on source images, and the state-of-the-art
perturbation-based method [40] makes the modified face fill
with awkward noises; (3) Weak transferability. Fig. 1 also
demonstrates that the state of the art has a relatively low
attack success rate on commercial APIs. In summary, it is
still challenging to balance the trade-off between the visual
quality and attack ability of adversarial face images in the
black-box setting.

In this paper, we solve this problem from a new perspec-
tive. Different from existing works trying to place multi-
farious restrictions on perturbations and then dig a better
gradient-based algorithm to construct adversarial examples,
we focus on organizing the perturbations, although exten-
sive and visible, in a reasonable way such that they appear
natural and comfortable, under the condition that a high at-
tack ability is maintained. We therefore leverage makeup
as the key idea for arranging perturbations. Specifically,
we propose a new framework called adversarial makeup
transfer GAN (AMT-GAN) to generate adversarial face im-

ages with the natural appearance and stronger black-box
attack strength. ATM-GAN first exploits a set of gener-
ative adversarial networks to construct adversarial exam-
ples that can inherit makeup styles from a reference im-
age. In order to reconcile the conflicts between the adver-
sarial noises and the cycle consistence loss in makeup trans-
fer, we incorporate a newly designed regularization module
by exploiting the disentanglement function of the encoder-
decoder architecture and the residual dense blocks in the
image super-resolution. As a result, the adversarial toxic-
ity can be compatibly alleviated in the cycle reconstruction
phase, making the generator focus on building robust map-
pings between the source domain and the target style do-
main with adversarial features. In addition, we introduce a
joint training strategy which integrates the traditional G-D
game in the GAN training and the newly designed regular-
ization module, as well as the transferability enhancement
process to encourage the generator to catch, imitate, and
reconstruct the common adversarial features which can ef-
fectively transfer between different models.

To the best of our knowledge, we propose the first joint
training framework to address the collapse phenomenon of
the cycle consistency and the domain mappings of the gen-
erator when the image-to-image translation GANs are used
to craft adversarial examples. Our joint training frame-
work can be extended to other security-sensitive fields when
GAN is considered, such as Deepfake [35]. In summary, we
make the following contributions:

• We propose AMT-GAN, a more practical approach for
protecting face images against unauthorized FR sys-
tems, by constructing adversarial examples with out-
standing black-box attack performance and natural ap-
pearance that derive cosmetic styles from any chosen
reference images.

• We design a regularization module based on feature
disentanglement to improve the visual quality of adver-
sarial images, and then develop a joint training pipeline
to train the generator, the discriminator, and the reg-
ularization module, such that the generator can ac-
complish two jobs (i.e., makeup-transfer and adversar-
ial attack) simultaneously and build robust mappings
among different data manifolds.

• Our extensive experiments on multiple benchmark
datasets verify that AMT-GAN is highly effective at
attacking various deep FR models, including commer-
cial face verification APIs such as Face++ 2, Aliyun3,
and Microsoft4, where we outperform state of the arts
about 4% ∼ 60%.

2https://www.faceplusplus.com
3https://vision.aliyun.com
4https://azure.microsoft.com
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Figure 2. The architecture of AMT-GAN

2. Related Works
To protect face privacy, AMT-GAN leverages adversarial

examples which are originally designed to disable DNNs in
the machine learning community. Thus, we first discuss ex-
isting works on adversarial attacks in the context of privacy
protection, followed by recent research on style transfer.

2.1. Adversarial Attacks on Face Recognition

Broad studies have shown that the DNNs are fatally
vulnerable to adversarial examples [11, 24, 32], and many
adversarial algorithms have been developed to attack face
recognition system [9, 25, 30, 37]. Depending on the adver-
sary’s knowledge of the target model, the adversarial face
attacks can be divided into white-box attacks and black-box
attacks.

The white-box attacks [11, 18, 24] and query-based
black-box attacks [9,13] heavily rely on the accessibility to
the target model, which is a stringent prerequisite in prac-
tice. Transferability-based black-box attacks are thus more
suitable for protecting face images in real-world scenar-
ios [7, 37, 40, 44]. However, most existing transferability-
based attacks [7, 38] are designed to solve an optimiza-
tion problem, which is not only time-consuming, but also
likely to be trapped in over-fitting and degrades the trans-
ferability [37]. In addition, to maintain the attack strength
on different black-box models, transferability-based attacks
usually generate images with perceptible noises [7, 8]. Re-
cent work [40] tried to solve this problem by adding a
new penalty function to fit the privacy-preserving sce-
nario. However, as illustrated in Fig. 1, the perturbations
are still outrageous. Using GAN [10] to craft adversarial
samples [36] can achieve improvement in terms of image
noises, but it is still challenging to maintain GAN’s sta-
bility for data with high-definition in adversarial task. [25]

turns to craft adversarial samples by swapping the latent
features of face images from a GAN, however, it changes
original face attributes dramatically (such as turning closed
mouth to open), which are not desirable for users in so-
cial media. The patch-based adversarial attacks on FR sys-
tems [22, 30, 37, 41] are also not compatible for the same
reason.

2.2. Style Transfer and Makeup Transfer

Style transfer [4] is an image-to-image translation tech-
nique that aims to separate and recombine the content and
style information of images. Built on the style transfer
framework, makeup transfer [1, 5, 12, 19, 23] is proposed
to transfer the makeup style of the reference image to the
source image while keeping the result of face recognition
unchanged. Both style transfer and makeup transfer rely on
the cycle consistency loss or its variants [43,45] to maintain
the stability of source images.

Recently, [46] made the first attempt to exploit the
makeup transfer to generate adversarial face images in a
white-box setting. Then [41] tried to construct adversarial
cosmetic face images with transferability property to real-
ize black-box attacks. However, it not only has a low attack
success rate, but also fails to preserve the image visual qual-
ity where the modifications added to the source image is ab-
normal and noticeable, especially when the styles between
reference and source images are significantly different, as
explicitly depicted in our experiments Fig. 4.

It is indicated that adversarial noise may cause dysfunc-
tion on the cycle consistency loss [27, 39], and gets con-
firmed in this paper. In the literature, it is still challeng-
ing to amicably incorporate makeup transfer into adversar-
ial examples, generating a natural adversarial face image
that maintains a high attack success rate on black-box face
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Figure 3. (a) Normal loop path of cycle consistency loss; (b) Dam-
aged loop path caused by adversarial noises; (c) Recovered loop
path of our regularized cycle consistency loss.

recognition systems.

3. Adversarial Makeup Transfer GAN (AMT-
GAN)

3.1. Problem Formulation

In this section, we formulate the problem of adver-
sarial attacks with makeup transfer on FR systems. To
protect facial privacy effectively against malicious FR
models, we mainly consider targeted adversarial attack
(i.e.impersonation attack) that aims to generate adversarial
examples which can be recognized as the specified target
identity. Generally, the targeted adversarial attack on FR
system can be formulated as:

min
xA

Ladv = D(Mk(x
A),Mk(z)), (1)

where D(·) represents a distance function such as cross-
entropy or cosine similarity, Mk represents a DNN-based
feature extractor for FR, xA and z stand for the adversarial
face image and the target image respectively.

As for makeup transfer, let X,Y ⊂ RH×W×3 denote the
makeup style domain of the source and reference images,
respectively. Here, we use x ∈ X and y ∈ Y to represent
the clean face images and xA ∈ X and yA ∈ Y to represent
their adversarial face images, respectively. The adversarial
makeup transfer is expected to train a function G: {x, y} →
ỹAx , where the adversarial image ỹAx has the same makeup
style with y and the same visual identity with x.

3.2. Detailed Construction

The architecture of AMT-GAN is depicted in Fig 2.
Generator G and discriminators DX , DY . The gen-

erator G is supposed to generate adversarial examples for

source images, while ensuring that the visual identity re-
mains the same but the makeup style changes from the
source domain to the reference domain. The discriminators
DX and DY are supposed to distinguish the distribution of
fake images generated by G from that of the real images.
Mathematically, the loss functions of GANs are formulated
as:

Lgan
D =− logDX(x)− log(1−DX(G(y, x)))

− logDY (y)− log(1−DY (G(x, y))),
(2)

Lgan
G =− log(DX(G(y, x)))− log(DY (G(x, y))).

(3)
To learn the bidirectional mappings (i.e., X → Y, Y →

X) between the source and reference domain without su-
pervised training data, we also utilize the cycle consistency
loss function [45], which is a crucial element in the unsuper-
vised image-to-image translation tasks. Generally, the cycle
consistency loss function is depicted in Fig 3a and denoted
as:

Lcycle =∥ G(G(x, y), x)− x ∥1, (4)

where ∥ · ∥1 represents the L1 norm.
However, the cycle consistency loss is in conflict with

the adversarial example. As shown in Fig 3b, when es-
tablishing the inverse mapping Y A → X , the generated
adversarial examples G(x, y) is taken as the first input of
G. Due to the adversarial modification on the samples from
the clean domain X , G may fail to extract the features of
G(x, y) and is thus unable to turn an adversarial input from
adversarial domain Y A back to the clean domain X . As
a result, the recovered G(G(x, y), x) may be significantly
different from the source image x, i.e., G(G(x, y), x) is in
an unexpected domain rather than the domain X . In short,
due to the adversarial nature of G’s outputs, it is hard for
G to establish a robust inverse mapping Y A → X . This
phenomenon makes the existing cycle consistency loss un-
suitable for generating adversarial face images with makeup
transfer (see our ablation study Fig. 6).

Regularization module H . To ensure the cycle con-
sistency works well, we introduce a regularization module
H in our framework. H is designed to generate clean im-
ages H(G(x, y)) with the same content, style, and dimen-
sions as G(x, y) but without adversarial property. Namely,
H transforms the generated image G(x, y) from the adver-
sarial domain Y A to the clean domain Y . The combination
of G and H maintains a new cycle consistency, i.e., the loop
X → Y A, Y A → Y , then Y → XA, XA → X , as illus-
trated in Fig. 3c.

To find an effective H , we first choose a pair of encoder
and decoder as the basic architecture of H . Then we lever-
age the residual-in-residual dense block (RRDB) as a key

15017



block of H . RRDB is widely used in the field of image
super-resolution [33]. These blocks will maintain and re-
cover the content and texture information of the input while
extracting and discarding the adversarial perturbations at
the same time.

In our design, the regularization module H follows the
same training process as the main networks G and D. The
newly designed regularized cycle consistency loss is formu-
lated as:

Lreg
G = ∥ H(G(H(G(x, y)), x))− x ∥1

+ ∥ H(G(H(G(y, x)), y))− y ∥1 .
(5)

In addition, H is supposed to keep the output of G vi-
sually unchanged while alleviating the adversarial effects.
So we let H accept the penalty by the returns from DX

and DY , which encourages H to reconstruct the real per-
formance of G in style transfer, and it is defined as:

Lgan
H =− log(DX(H(G(y, x))))− log(DY (H(G(x, y)))).

(6)
Note that in Eq. (2), we do not include the performance

of H in Lgan
D , as we want to keep the two-player zero-sum

game between the generator and the discriminators stable,
and it is also unnecessary to adjust DX and DY according
to the performance of H .

Transferability enhancement module M . M consists
of K pre-trained face recognition models {Mk}k=1,...,K ,
which have high accuracy on public face images datasets.
These local models serve as white-box models when we
train our GANs and try to imitate the decision boundaries
of potential target models which we cannot access.

In our method, inspired by [7, 38], we use an ensemble
training strategy with input diversity enhancement to en-
courage G to generate adversarial examples with high trans-
ferability and black-box attack success rate. The adversarial
is defined as:

Ladv
G =

1

2K

K∑
k=1

1− cos[Mk(z),Mk(T (G(x, y), p))]

+
1

2K

K∑
k=1

1− cos[Mk(z),Mk(T (G(y, x), p))],

(7)
where Mk represents the feature extractor of the k-th local
pre-trained white-box model, and we use cosine similarity
as the distance function. T (·) represents the transforma-
tion function, and p is a pre-defined probability of whether
the transformation will be conducted upon G(x, y). Specif-
ically, we choose image resizing and Gaussian noising as
the transformation function. Both of them can degrade

Algorithm 1 The complete training process of AMT-GAN
Input: Source image set X; reference image set Y ; target
image z; generator G; regularization module H; discrimi-
nators DX , DY ; local models M ; optimizer Adam.
Parameter: Iterations T ; hyper-parameters Λ.
Output: parameters ωG, ωDX

, ωDY
, ωH for networks

DX , DY , G,H .
1: Initialize ωG, ωDX

, ωDY
, ωH .

2: for i = 0 to T − 1 do
3: Randomly select source image x ∈ X and reference

image y ∈ Y as the input of generator G;
4: Updating DX and DY with fixed G and H;
5: Calculate LD in Eq. (12);
6: ωDX

← Adam(ωDX
, LD);

7: ωDY
← Adam(ωDY

, LD);
8: Updating G with fixed D and H;
9: Calculate LG in Eq. (13);

10: ωG ← Adam(ωG, LG);
11: Updating H with fixed G and D;
12: Calculate LH in Eq. (14);
13: ωH ← Adam(ωH , LH);
14: end for
15: return ωG, ωDX

, ωDY
, ωH .

the attack strength of adversarial examples whose adversar-
ial modifications have faint transferability among different
black-box models.

Accordingly, the adversarial attack loss of H is defined
as:

Ladv
H =

1

2K

K∑
k=1

1− cos[Mk(x),Mk(H(G(x, y)))]

+
1

2K

K∑
k=1

1− cos[Mk(y),Mk(H(G(y, x)))],

(8)

note that the input diversity is not included as it is unneces-
sary for H to own transferability.

Auxiliary Objectives. The histogram matching [23], de-
notes as HM(x, y), is usually used to simulate the color
distribution of reference y while preserves the content in-
formation of x. Here, we use this objective function to en-
sure the makeup similarity on lips, eye shadows, and face
regions as well as the reconstruction ability of H . In detail,
the makeup loss is defined as:

Lmake
G =∥ G(x, y)−HM(x, y) ∥2

+ ∥ G(y, x)−HM(y, x) ∥2,
(9)

Lmake
H =∥ H(G(x, y))−HM(x, y) ∥2

+ ∥ H(G(y, x))−HM(y, x) ∥2 .
(10)

15018



In addition, the generator G and the regularization mod-
ule H are expected to preserve the original content and style
information when the reference image is the source image
itself, which is called self-reconstruction. This objective is
significantly important for the generator G to maintain the
structure information of resource images and avoid distor-
tion of face attributes. The self-reconstruction path is de-
fined as:

Lidt
G,H =∥ H(G(x, x))− x ∥1 +LPIPS(H(G(x, x)), x)

+ ∥ H(G(y, y))− y ∥1 +LPIPS(H(G(y, y)), y),
(11)

where the LPIPS [42] function measures perceptual simi-
larity between two images.

Total Loss. The total loss for DX and DY is as follow:

LD = Lgan
D ΛT. (12)

The total loss of G is defined as:

LG = (Lgan
G , Lreg

G , Ladv
G , Lmake

G , Lidt
G,H)ΛT, (13)

and the total loss of H is defined as:

LH = (Lgan
H , Ladv

H , Lmake
H , Lidt

G,H)ΛT, (14)

where Λ = (λgan, λreg, λadv, λmake, λidt) represents the
hyper-parameters. The entire training process is illustrated
in Alg. 1.

4. Experiments
4.1. Experimental Setting

Implementation details. We construct the architecture
of G, DX , and DY in AMT-GAN following [19]. For the
training process, the hyper-parameters λGAN , λreg, λadv ,
λmake, and λidt are set to be 10, 10, 5, 2, and 5 respectively.
We train the AMT-GAN by an Adam optimizer [21] with
the learning rate of 0.0002, and set exponential decay rates
as (β1, β2) = (0.5, 0.999).

Competitors. We implement multiple benchmark
schemes of adversarial attack, including PGD [24],
MI-FGSM [7], TI-DIM [8], TIP-IM [40], and Adv-
Makeup [41], to serve as the competitors for comparison.
Note that PGD, MI-FGSM, and TI-DIM are very famous
for their strong attack ability, TIP-IM is a very recent work
which leverages adversarial examples to protect facial pri-
vacy, and Adv-makeup is the most relative scheme to ours
which also exploits the makeup transfer to generate adver-
sarial face images with transferability.

Datasets. Following [2, 19], the Makeup Transfer (MT)
dataset [23] is used as the training dataset, which consists
of 1115 non-makeup images and 2719 makeup images. We
choose two datasets as our test sets: (1) CelebA-HQ [20] is

a widely used face image dataset with high quality. For the
testing, we select a subset of CelebA-HQ, which contains
1, 000 face images with different identities. (2) LADN-
dataset [12] is a makeup dataset which contains 333 non-
makeup images and 302 makeup images. We use 332 non-
makeup images as the test images. We divide all the test
images into 4 groups and aim images in each group to the
same target identity.

Target models. Following [41], we conduct exten-
sive experiments to attack 4 popular black-box FR mod-
els, which include IR152 [14], IRSE50 [17], Facenet [28],
and Mobileface [6], and 3 commercial FR APIs including
Face++, Aliyun, and Microsoft Azure.

Evaluation metrics. Following existing impersonation
attacks [37, 41], we use attack success rate (ASR) to eval-
uate the attack ability of different methods. We calculate
the ASR at FAR@0.01 for black-box testing. For commer-
cial APIs, we directly record the confidence scores returned
by FR servers. A higher confidence score represents that
the victim FR API believes the two input images are of the
same person with a higher probability. We also leverage
FID [15], PSNR(dB), and SSIM [34] to evaluate the im-
age quality. FID measures the distance between two data
distributions, which is often used to investigate whether a
generated dataset is as natural as the dataset extracted from
the real world. PSNR and SSIM are widely-used methods
to measure the difference between two images.

All of our experiments are conducted on RTX3090 GPU
24GB∗1. For more implementation details and experimen-
tal results, please refer to our supplementary.

4.2. Comparison Study

Evaluations on black-box attacks. Tab. 1 shows black-
box attacks on four different pre-trained models which have
high accuracy on public datasets. For each target model,
the other three models will serve as the ensemble training
model. Note that for Adv-makeup these three models will
serve as the meta-learning model. The results show that
AMT-GAN has a strong attack ability in the black-box set-
ting.

Evaluations on image quality. Tab. 2 shows the quanti-
tative evaluations on image quality. Notably, compared with
TIP-IM, although our method have a worse performance in
terms of PSNR(db) and SSIM, AMT-GAN performs better
for the FID result. This shows that the images generated
by our method have more natural appearances than TIP-IM,
although they get more information changed. This verifies
our insight that arranging perturbations, instead of simply
restricting them, is more important. We further attach the
results of PSGAN [19], which is the most famous makeup
transfer scheme, to show that it is normal to obtain simi-
lar evaluation results with these three metrics in the field of
makeup transfer.

15019



61.299/46.489/0.099157.858/30.706/0.0988 72.359/57.017/0.3929

Source Image Adv-Makeup AMT-GAN
50.042/24.952/0.090246.064/26.240/0.0895 69.627/44.137/0.1111

44.177/44.798/0.099938.499/36.036/0.0975 65.145/52.334/0.4023

Source Image Adv-Makeup AMT-GAN
29.037/29.887/0.085618.282/23.717/0.0845 64.704/50.560/0.3878

Figure 4. Comparison of visual quality between Adv-Makeup and AMT-GAN. The numbers under each image stand for the confidence
scores returned from commercial APIs.

CelebA-HQ LADN-dataset
IRSE50 IR152 Facenet Mobileface IRSE50 IR152 Facenet Mobileface

Clean 7.29 3.80 1.08 12.68 2.71 3.61 0.60 5.11
PGD [24] 36.87 20.68 1.85 43.99 40.09 19.59 3.82 41.09

MI-FGSM [7] 45.79 25.03 2.58 45.85 48.9 25.57 6.31 45.01
TI-DIM [8] 63.63 36.17 15.3 57.12 56.36 34.18 22.11 48.30

Adv-Makeup [41] 21.95 9.48 1.37 22.00 29.64 10.03 0.97 22.38
TIP-IM [40] 54.4 37.23 40.74 48.72 65.89 43.57 63.50 46.48
AMT-GAN 76.96 35.13 16.62 50.71 89.64 49.12 32.13 72.43

Table 1. Evaluations of attack success rate (ASR) for black-box attacks

In addition, Adv-makeup seems to behave well in all the
quantitative evaluations. However, it has an extremely low
attack success rate as demonstrated in Tab. 1. Furthermore,
we give a qualitative comparison of visual image quality
between Adv-Makeup and AMT-GAN, both of which con-
struct adversarial face images based on makeup transfer.
As shown in Fig. 4, the images generated by Adv-Makeup
have sharp margins among the eyes region. On the contrary,
AMT-GAN has a more realistic makeup style with smooth
details. This is because Adv-makeup only changes the eyes
region of original faces in a patch-based way, which leads to
a good performance on quantitative evaluations, but leaves
insufficient black-box attack strength and unresolved mar-
gin problem.

4.3. Attack Performance on Commercial APIs

Fig. 5 illustrates the attack performance towards Aliyun
and Face++ for each test dataset. We collect and average the
confidence scores from these APIs with massive adversarial
examples. The results show that for both APIs, AMT-GAN
outperforms competitors with regards to the attack ability.

4.4. Ablation Studies

Regularization module. Here we demonstrate the im-
portance of the regularization module in maintaining the ef-
fectiveness and stability of AMT-GAN. As shown in Fig. 6

FID(↓) PSNR(↑) SSIM(↑)
Adv-Makeup [41] 4.2282 34.5152 0.9850

TIP-IM [8] 38.7357 33.2089 0.9214
PSGAN [19] 27.6765 18.1403 0.8041

AMT-GAN (w/oH) 37.5486 19.3132 0.7807
AMT-GAN 34.4405 19.5045 0.7873

Table 2. Quantitative evaluations of image quality. AMT-GAN
(w/oH) represents the AMT-GAN trained without the regulariza-
tion module.

and Tab. 2, in the absence of the regularization module, the
generator is likely to generate images with worse image
quality, which indicates that the mappings between style
domains are damaged to some degree. We owe this to the
fact that the adversarial toxicity has poisoned the cycle re-
construction path. By applying the regularization module,
the regularized cycle consistency loss can make the outputs
of the generator more natural.

Style-robust makeup transfer. It is commonly ex-
pected that we can generate adversarial images with satis-
fied visual quality for any given makeup style. Thus it is
desired to evaluate the impact of different references. We
randomly choose 10 images from MT-dataset and LADN-
dataset with different makeup styles as the references for
testing. As illustrated in Fig. 7, AMT-GAN is robust to
the changes of makeup style, where the targeted adversarial
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(a) CelebA-HQ on Face++ (b) LADN-dataset on Face++ (c) CelebA-HQ on Aliyun (d) LADN-dataset on Aliyun

Figure 5. Confidence scores returned from Face++ and Aliyun. The mean confidence score of the runner-up (TIP-IM) for Face++ is 61.99,
while ours is 64.58. For Aliyun, the mean confidence score of the runner-up (TI-DIM) is 32.37, while ours is 53.53. We outperform the
runner-ups about 4% ∼ 60%. Note that AMT-GAN also has a stronger transferability among different APIs while TIP-IM has a huge
degradation in Aliyun compared with its performance on Face++.

Without Regularization Module With Regularization Module

Figure 6. Ablation study for the regularization module. The gen-
erator trained without the regularization module will generate im-
ages with unnatural details. Quantitative results are in Tab. 2.

face images maintain a good balance between the content
of source images and the makeup style of references. The
right figure of Fig. 7 shows that the changes of references
have weak impact on the attack strength.

81.769/57.146/0.4324 80.332/57.745/0.3608 78.376/51.720/0.291657.858/38.220/0.0988

82.439/63.112/0.422653.360/34.760/0.0934 83.797/66.636/0.5880 81.460/63.029/ 0.4778

Target 
Identities Sources
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0.7

ref.01 ref.02 ref.03 ref.04 ref.05 ref.06 ref.07 ref.08 ref.09 ref.10

CelebA-HQ LADN-dataset

Figure 7. Evaluating the impact of different makeup styles.
The left columns are adversarial examples under different refer-
ences.The right figure illustrates average ASR towards different
black-box models in Tab. 1 with 10 different references.

5. Limitations and Future Work

Although AMT-GAN shows effectiveness on attacking
commercial APIs, it tends to have a higher attack strength
and a better visual quality in images of female, which is
caused by the unbalance of gender in makeup transfer train-
ing dataset (e.g., MT-dataset [23]). We believe that this
problem can be solved by developing a more general and
comprehensive training dataset.

Another problem with AMT-GAN is that the structure
information sometimes gets slightly unaligned although we
have designed corresponding objective functions for allevi-
ation. The same problem also exists in the field of makeup

transfer [12, 19], and may become worse in generating ad-
versarial examples. We leave this point to our future works.

Finally, the experimental results in Tab. 2 show that ex-
isting popular metrics used to evaluate the quality of images
are unsuitable for the scenario of makeup transfer. New
metrics are needed to evaluate whether a face image appears
more natural than another one. Besides, it is still desirable
for us to further improve the visual quality of adversarial
faces. It is amazing to restrict the regions of makeup trans-
fer to a small area (e.g., eyes), which can also preserve a
high attack success rate. We also leave these to our future
works.

6. Conclusion

In this paper, focusing on protecting facial privacy
against malicious deep face recognition (FR) models, we
propose AMT-GAN to construct adversarial examples that
achieve a stronger attack ability in the black-box setting,
while maintaining a better visual quality. AMT-GAN is
able to generate adversarial face images with makeup trans-
ferred from any reference image. The experiments over
multiple datasets and target models show that AMT-GAN
is highly effective towards different open-source FR mod-
els and commercial APIs, and achieves a satisfied balance
between the visual quality of adversarial face images and
their attack strength.
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