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Abstract

Adversarial attacks involve adding perturbations to the source
image to cause misclassification by the target model, which
demonstrates the potential of attacking face recognition mod-
els. Existing adversarial face image generation methods still
can’t achieve satisfactory performance because of low trans-
ferability and high detectability. In this paper, we propose
a unified framework Adv-Diffusion that can generate im-
perceptible adversarial identity perturbations in the latent s-
pace but not the raw pixel space, which utilizes strong in-
painting capabilities of the latent diffusion model to gen-
erate realistic adversarial images. Specifically, we propose
the identity-sensitive conditioned diffusion generative mod-
el to generate semantic perturbations in the surroundings.
The designed adaptive strength-based adversarial perturba-
tion algorithm can ensure both attack transferability and
stealthiness. Extensive qualitative and quantitative experi-
ments on the public FFHQ and CelebA-HQ datasets prove the
proposed method achieves superior performance compared
with the state-of-the-art methods without an extra genera-
tive model training process. The source code is available at
https://github.com/kopper-xdu/Adv-Diffusion.

Introduction
With the development of deep learning technology, face
recognition systems have been applied in more and more
real-world scenarios, which also brings increasing security
risks of biometrics in the meantime. Recent works find that
these deep neural network-based models are vulnerable to
adversarial perturbations added in the original clean images
(Goodfellow, Shlens, and Szegedy 2014; Madry et al. 2018).
These well-designed perturbations added images, also called
adversarial examples, demonstrate the strong potential of
attacking against existing state-of-the-art face recognition
models (Deb, Zhang, and Jain 2020; Sharif et al. 2016), even
evaluating black-box attacking scenarios (Jia et al. 2022;
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Komkov and Petiushko 2021). Thus, exploring craft adver-
sarial examples in face recognition is vital and significant in
the field of biometrics and economic security.

Existing adversarial attacks on face recognition method-
s are roughly grouped into three categories: gradient-based
methods, patch-based methods and stealthy-based method-
s. The goal of adversarial face examples is to successful-
ly attack target models with strong transferability, and gen-
erate high-quality adversarial images with inconspicuous
perturbations. Gradient-based adversarial examples method-
s are early explorations to add Lp bounded perturbation-
s directly to source images, which could bring in arbitrary
predictions when testing (Madry et al. 2018; Dong et al.
2018). By controlling the perturbation boundary, pixel-level
attacking clues seem imperceptible and make it more fea-
sible to invade deployed face recognition systems. How-
ever, some related studies have found that gradient-based
methods are vulnerable to variant lighting conditions (Xi-
ao et al. 2018) and perform poorly in black-box attacking
evaluations (Xiao et al. 2021). Patch-based methods (Sharif
et al. 2016; Komkov and Petiushko 2021) aim to generate
adversarial local face patches to protect identity informa-
tion in physical-world scenarios. These existing synthesized
craft adversarial patches usually have specific color and tex-
ture patterns, which are more easily distinguished and fail
to be stealthy. Formerly mentioned kinds of adversarial face
examples methods are generating suitable perturbations in
raw pixel space, ignoring the specific properties of face im-
ages inherently. (Qiu et al. 2020) first explored learning ad-
versarial face examples with semantic appearance, which
could help to make these images visually imperceptible. (Hu
et al. 2022) leveraged the makeup transfer generative net-
work to generate better visual-quality adversarial faces. Re-
cently, (Jia et al. 2022) has focused on synthesizing adver-
sarial faces with edited attributes from reference faces to
improve the stealthiness of attacking information. Howev-
er, noting that not any reference face images would provide
suitable and precise semantic information (e.g. attribute text
(Qiu et al. 2020), semantic clues (Jia et al. 2022)) as guid-
ance, and it is essential to learn adversarial semantic ap-
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Figure 1: Illustrations of our proposed imperceptible adversarial face identity attack task, which can generate high-quality faces
with target identities and similar source appearance information.

pearance automatically with high attack capabilities.
To address these issues, we propose a novel impercepti-

ble adversarial face identity attack via latent diffusion mod-
el (Adv-Diffusion), which can generate adversarial pertur-
bation in the latent space but not the raw pixel space and re-
sult in less perceptive perturbations surrounding the identity-
sensitive regions as shown in Figure 1. Specifically, we
leverage the latent diffusion model to construct the latent
space for adversarial semantic perturbations. Because the d-
iffusion model could offer excellent inductive bias for spatial
data, and the learned latent space is perceptually equivalent
to the raw pixel space (Rombach et al. 2022). To improve
the key stealthiness performance, we design the identity-
agnostic conditioned diffusion generative module. The pre-
trained parsing model (Luo, Wang, and Tang 2012; Liu et al.
2020) is utilized to disentangle the face identity-sensitive
regions (e.g. eyes, nose, mouth, etc.) and the face identity-
agnostic region (e.g. hairstyle, decoration, background, etc.)
by masking operation from a cognitive psychology perspec-
tive. Moreover, the identity-sensitive regions are regarded as
the condition of the latent diffusion model when restoring
adversarial face images. Additionally, the semantical adver-
sarial perturbations are learned to add to the latent embed-
ding through the adversarial attacking against face recogni-
tion. Noting that the proposed method is without any train-
ing data or complex deep network architectures, which is
benefitted from the specific properties of the latent diffusion
model.

The main contributions of our paper are summarized as
follows:

• We propose a novel unified adversarial face image gen-
eration pipeline attacking face recognition in the laten-
t space but not the raw pixel space, which could auto-
matically learn effective adversarial semantic appearance
with high attack capabilities and low perceptibility.
• We further propose the identity-sensitive conditioned dif-

fusion generative module to guarantee the most adversar-
ial appearance surrounding the identity-sensitive region,
and the designed adaptive strength-based semantical ad-
versarial perturbation is designed to ensure attack trans-
ferability and stealthiness.
• Experimental results on the public FFHQ and CelebA-

HQ datasets illustrate the superior performance of the

proposed Adv-Diffusion compared with the state-of-the-
art adversarial face image generation methods. Mean-
while, the proposed method is without any training data
or complex deep network architectures, which makes it
easy to be deployed in real-world scenarios.

Related Work
Adversarial Attack on Face Recognition Model
Adversarial attacks on face recognition model is a growing
field of research, and many studies have been conducted to
evaluate the robustness of advanced face recognition model-
s against adversarial attacks. In this paragraph, we review
the representative attack methods on the face recognition
model in three categories: gradient-based, patch-based and
stealthy-based methods.

Gradient-based method. Gradient-based methods are
one of the most widely used attack techniques in deep learn-
ing models. And several gradient-based methods have been
proposed for adversarial attacks, including Fast Gradien-
t Sign Method (FGSM) (Goodfellow, Shlens, and Szegedy
2014), Projected Gradient Descent (PGD) (Madry et al.
2018) and Momentum-based Iterative FGSM (MI-FGSM)
(Dong et al. 2018). FGSM is a fast and effective method for
generating adversarial examples, where the perturbation is
added to the input in the direction of the sign of the gradien-
t. PGD is an iterative variant of FGSM that applies multiple
small perturbations to the input and uses a projected gradi-
ent descent algorithm to ensure that the perturbation remains
within a specified range. However, gradient-based methods
are mostly applied in the white-box setting and are percepti-
ble to humans.

Stealthy-based method. To overcome these limitations,
recent studies have focused on developing imperceptible at-
tacks with high transferability. For example, (Yin et al. 2021)
proposed Adv-Makeup aims to achieve an implementable
physical attack with high transferability by focusing on the
makeup worn by the target individual. This approach is not
only effective in digital conditions but also in physical sce-
narios, as the synthesized makeup is imperceptible to the hu-
man eye. Similarly, (Hu et al. 2022) proposed AMT-GAN,
which also focuses on makeup transfer attack and has more
transfer area. These above methods focus on pixel space
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Figure 2: The framework of the proposed imperceptible adversarial face identity attack via latent diffusion model.

control, recent work (Jia et al. 2022) proposed Adv-Attribute
to leverage Stylegan model (Karras, Laine, and Aila 2019) to
attack the latent vector of the input image when preserving
the identity of the input image. (Barattin et al. 2023) directly
optimizes the latent representation of images in the laten-
t space of a pre-trained GAN, which preserves the original
facial attributes and attacks the recognition model success-
fully.

Patch-based method. The patch-based method is main-
ly focused on the physical attack in real-world scenarios.
For instance, Adv-Glasses (Sharif et al. 2016) proposed
a patch-based attack using optimization-based methods to
add perturbations to the eyeglass region, while Adv-Hat
(Komkov and Petiushko 2021) generated adversarial attacks
over wearing hats. To improve attack ability when the attack-
er has limited accessibility to the target models, (Xiao et al.
2021) extend the existing transfer-based attack techniques
to generate transferable adversarial patches by singing face-
like features as adversarial perturbations through optimiza-
tion on the manifold.

Diffusion Model Variants
Diffusion models, also known as diffusion probabilistic
models (DPM), have recently emerged as a powerful gen-
erative modeling technique for image and video data. DPMs
have shown state-of-the-art performance in sample quality.
The core of DPMs is a diffusion process that evolves a sim-
ple initial distribution to a more complex target distribution
by applying a sequence of diffusion steps. And there are sev-
eral variants of DPMs. (Song and Ermon 2019) proposed a
score-based generative model which learns the score func-
tion of data distribution. And continuous-time DPM defined
stochastic differential equations to describe the diffusion and
sample process of DPM. DiffPure (Nie et al. 2022) lever-
aged the denoising ability of DPM for defending against ad-
versarial attacks recently. (Rombach et al. 2022) proposed
latent diffusion model, which firstly learns an autoencoder
to map image data to latent space, and further leverages the
diffusion model to learn the latent space distribution. The
latent diffusion model has more flexible conditional gener-

ation ability than pure DPM, such as inpainting, text-based
image generation and image translation. Extensive analysis
has proved the latent diffusion model can generate more re-
alistic and high-fidelity results. Inspired by these successes,
we also leverage the latent diffusion model to learn the latent
space, but with a different target which is to generate identity
adversarial face images with imperceptible perturbations.

Methodology
Problem Definition. The goal of the adversarial face i-
dentity attack is to mislead existing advanced face recog-
nition with adversarial perturbations. However, most former
works mainly focus on learning Lp bounded perturbations in
the raw pixel space to make less detectability. Considering
the specific properties of adversarial face images, we give a
broader definition as follows. The general objective of tar-
geted adversarial face images generation is defined as:

argmax
x̂s

F (xr, x̂s) . (1)

Here F (·) refers to the identity similarity of these paired
faces, where xs and xr denote the source image and tar-
get image respectively. The goal of our method is to learn
a strong generative model, denoted as G(·), to generate the
adversarial face image x̂s with the condition of the target
face xs. Noting that the formulation can be easily extended
to the untargeted adversarial face image generation appli-
cation. The criteria of adversarial face image should con-
tain both strong transferability on recognition evaluation
and less perceptive perturbations.

Preliminaries: Latent Diffusion Model
In this section, we mainly introduce the conditional latent
diffusion model (LDM). The diffusion model can generate
high-quality images by reversing a nosing process iterative-
ly. The latent diffusion model (Rombach et al. 2022) learns
a compressed latent space of lower dimensions for decreas-
ing computing cost. We firstly define an autoencoder to en-
code input image x into a latent code z = E (x) and de-
code z to x = D (z). During the forward stage, the T-step
forward diffusion process aims to transform latent code z
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gradually to match the Gaussian distribution: zT ∼ N (0, 1).
The forward process can be defined as q (zt | zt−1) :=
N
(
zt;
√

1− βtzt−1, βtI
)
, where βt ∈ (0, 1] is the hyper-

parameter. Following, the reverse process of the denoising
step can be expressed as follows:

pθ (zt−1 | zt) := N (zt−1;µθ (zt, t) ,Σθ (zt, t)) . (2)

Here µθ and Σθ separately mean the mean and standard
deviation, where µθ (zt, t) = 1√

αt

(
zt − 1−αt√

1−ᾱt
εθ (zt, t)

)
.

During the inference stage, we randomly initialize the latent
code zT ∼ N (0, 1), and then gradually update it until z0

with the mentioned reverse process. Finally, the synthesized
high-quality face image x0 could be generated by the latent
representation decoder.

Identity-sensitive Conditioned Diffusion
Generative Model
Motivated by the perspective of cognitive psychology,
most identity-discriminative information concentrates on
identity-sensitive regions, e.g. eyes, nose, cheek, etc. The
identity-agnostic regions (like hairstyle, decoration, back-
ground, etc) contain less discriminative information for hu-
man recognition but can be captured in the face recogni-
tion model (shown in Figure 2). Thus, we leverage the pre-
trained face parsing model to calculate the face region bina-
ry mask M . Then, we calculate the identity-sensitive region
as xm = xs � (1−M). Following, we leverage the strong
inpainting capabilities of LDM to guarantee the most ad-
versarial semantic appearance perturbations surrounding the
identity-sensitive region. We leverage the pre-trained latent
encoder to map the identity-sensitive region into the latent
space c = E (xm). We also calculate the initial value of ẑT
in the mentioned forward diffusion process with T steps by
using xs as the input image. The ẑT is concatenated with c
to obtain the input of the UNet model. Then, with the simi-
lar inpainting inference procedure in (Rombach et al. 2022),
the reverse process with the designed adversarial denoising
model can be expressed as:

pθ (zt−1 | ẑt, c) := N (zt−1;µθ (ẑt, t, c) ,Σθ (ẑt, t, c)) ,
(3)

ẑt−1 := zt−1 + Gt, (4)

where Gt is the designed adversarial perturbations described
in the following. Figure 3 demonstrates the change of
D(ẑt−1) during the reverse process. Finally, the restored ad-
versarial face image x̂s can be calculated by the latent rep-
resentation decoder as x̂s = D(ẑ0).

Adaptive Strength based Semantical Adversarial
Perturbation
To generate less perceptible perturbations in the identity-
sensitive regions, we add the learned perturbations in the
latent space but not the raw pixel space. We assume that
the mentioned identity-sensitive conditioned diffusion mod-
el mainly focuses on generating suitable visual information
surrounding the central regions and tries to maintain the
identity-sensitive regions because of the condition of c and

Step 0 Step 13 Step 25 Step 33 Step 40 Step 44 Step 45

Figure 3: The reverse process with adversarial perturbation
in the proposed method.

Algorithm 1: Adv-Diffusion
Input: source image xs, target image xr
Output: adversarial image x̂s

1 Initialization pretrained LDM, set s, T value;
2 z0 = E(xs),M = f(xs), xm = xs � (1−M);
3 ẑT =

√
ᾱT z0 +

√
1− ᾱT ε, ε ∼ N (0, 1);

4 c = E (xm);
5 for all t from T to 1 do
6 zt−1 ← µθ (ẑt, t, c) + εΣθ (ẑt, t, c) , ε ∼ N (0, 1);
7 z̃0 ← 1√

ᾱt

(
zt−1 −

√
1− ᾱtεθ(zt−1, t)

)
;

8 Gt ← wt∇z̃0F (D (z̃0) , xr) ;
9 ẑt−1 ← zt−1 + Gt ;

10 end

the inpainting ability of LDM. To leverage the above ability,
we add semantic adversarial perturbations to the latent space
in the reverse inpainting process.

Because the latent space is perceptually equivalent to the
raw pixel space, we design the added perturbations in the la-
tent space that would bring in diverse semantic appearances.
Specifically, we design the simple gradient-based adversar-
ial sample algorithm to generate adversarial semantic per-
turbations. Here we utilized the face recognition model as
the target model and the adaptive strength-based adversarial
perturbation is calculated as follows:

Gt = wt∇z̃0F (D (z̃0) , xr) , (5)

where wt = sΣθ (ẑt, t, c), s is the hyper-parameter to con-
trol attack strength. z̃0 is an approximate result predicted
from zt−1 as z̃0 = 1√

ᾱt

(
zt−1 −

√
1− ᾱtεθ(zt−1, t)

)
with

similar estimation (Ho, Jain, and Abbeel 2020). α is also
a hyperparameter mentioned before. The details of the pa-
rameters analysis are shown in the following section. It not-
ed that when the reverse step increases, the attack strength
wt will decrease adaptively because of Σθ (ẑt, t, c). The de-
signed adaptive attack strength strategy would help improve
image quality. More algorithm details are shown in Algo-
rithm 1.

Experiments
Experimental Setting
Datasets. Following similar protocols (Jia et al. 2022),
we use two publicly available face datasets for evaluation:
(1) FFHQ is a widely used high-quality face dataset (Kar-
ras, Laine, and Aila 2019), which contains almost 70,000
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Figure 4: Comparison Results of generated adversarial samples when T is set as 1000. The number below the images means the
calculated similarity score with the target face by the refined recognition model. Noting that the identity similarity score varies
from 0 to 1.

high-quality face images with 1024× 1024 resolution. (2)
CelebA-HQ is a high-quality face dataset (Karras et al.
2018) constructed based on the CelebA dataset, which con-
tains almost 30,000 face images with 512× 512 resolu-
tion. In the evaluation stage, we randomly select 1000 im-
ages with different identities as the source images for both
datasets. In particular, we also select 5 additional images as
target images for each dataset, and randomly divide the 1000
source images into 5 groups, each corresponding to a differ-
ent target image.

Implementation details. We utilize the pre-trained latent
encoder and decoder networks, which are inspired by the
open-source stable diffusion work. For experimental set-
tings, we set 45 steps to generate adversarial samples. And
we set s = 300 by default. Additionally, the face semantic
parsing model architecture is based on the PyTorch imple-
mentation of EHANet (Luo, Xue, and Feng 2020). The face
parsing model can segment holistic faces into 19 semantic
regions, including face, hair, background, etc. We conduct
experiments on RTX 3090 GPU.

Evaluation metrics. We evaluate our approach by quanti-
fying the attack performance and image quality separately.
The attack success rate (ASR) (Jia et al. 2022) is utilized to
evaluate the attack performance of adversarial example algo-
rithms. The value of τ is set as 0.01 FAR (False Acceptance
Rate) with the same setting in (Hu et al. 2022). More details
are shown in the supplement. For evaluating the generated
image quality, we use the Frechet Inception Distance (FID),
Peak Signal-to-Noise Ratio (PSNR) and Structural Similar-
ity (SSIM) as quality metrics in the following experiments.

Comparison Results
We first use the ASR metric to compare the proposed Adv-
Diffusion with SOTA methods in black-box attack scenarios.
The comparison results prove the proposed algorithm’s high
transferability in recognition attack tasks. Additionally, we
evaluate the generated image quality compared with these
mentioned SOTA methods to prove the evident impercepti-
bility of the proposed algorithm. The following experimen-
tal results prove our proposed method can achieve superior
performance in both attacking transferability and impercep-
tibility.

Attacks on black-box model. To evaluate the attack per-
formance of the proposed method, we selected four com-
monly used face recognition models: IR152 (He et al. 2016)
, IRSE50 (Hu, Shen, and Sun 2018), FaceNet (Schroff,
Kalenichenko, and Philbin 2015), and MobileFace (Deng
et al. 2019) as target models following (Hu et al. 2022). It is
noting that these face recognition models are pre-trained in
large-scale face datasets, and all achieve satisfactory recog-
nition performance. When one of these models is selected as
a black-box target model, the other three models are used as
white-box target models for generating attacking adversari-
al examples. We selected three categories of attack method-
s as our competitors: gradient-based methods, patch-based
methods, and stealthy-based methods. For gradient-based
methods, we set the perturbation strength value to 8/255.
For other methods, we followed the official parameter set-
tings. More details on the parameter setting can be found
in the supplementary materials. Table 2 shows the attack
performance comparison results on CelebA-HQ and FFHQ
datasets. Noting that asterisk notation means the result is de-
rived from source paper. Experimental results prove the pro-
posed method achieves the highest attacking performance
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Dataset CelebA-HQ

Metric FID (↓) PSNR (↑) SSIM (↑)
FGSM 108.99 27.60 0.81
PGD 79.92 27.96 0.85

MI-FGSM 79.42 28.85 0.82
AMT-GAN 22.57 9.31 0.387

Adv-Attribute* 68.52 - -

Adv-Diffusion 15.51 29.01 0.80

Table 1: Generated image quality comparison results with
several metrics when T is set as 50.
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Figure 5: Mean confidence scores calculated from Face++
and Aliyun, which illustrate the possibility of the generated
adversarial face image having the same identity as the target
image.

compared with the SOTA methods.

Image quality assessment. To prove the imperceptibili-
ty of the proposed adversarial attack method, we further e-
valuate the adversarial image quality compared with other
adversarial attack algorithms. Here we choose common im-
age quality metrics, like Frechet Inception Distance (FID)
(Heusel et al. 2017), Peak Signal-to-Noise Ratio (PSNR)
and Structural Similarity (SSIM). The better-generated im-
age quality always means the lower imperceptibility of ad-
versarial attack perturbations. Table 1 quantifies the adver-
sarial image quality results of our method compared with
the SOTA methods. Moreover, we have also evaluated the
generated adversarial samples from a qualitative perspec-
tive. Figure 4 compares the adversarial samples generated
by our method and other methods. The results prove the pro-
posed methods can maintain better stealthiness of perturba-
tion. Furthermore, we conducted a series of user studies to
evaluate the performance in the supplement.

Attacks on commercial APIs. To further prove the effec-
tiveness and transferability of our method in real-world s-
cenarios, we conduct comparison experiments on two com-
mercial APIs. We choose Face++ and Aliyun API as the
target models and comparison experiment results on the
CelebA-HQ dataset are shown. Figure 5 shows the proposed
method outperforms SOTA methods on Face++ API and
achieves competitive performance on Aliyun API.

Ablation Study
In this section, we explore the effect of two key components
of the proposed method. The first component is the adaptive
strength utilized to control the magnitude of adversarial per-
turbations for better image quality. The second component is
the masked image condition in the designed attack model to
improve stealthiness. We separately conduct quantitive and
qualitative evaluation experiments to prove the effectiveness
of the proposed method.

Method ASR (↑) FID (↓) PSNR (↑)
Adv-Diffusion 53.43 15.34 22.01

w/o Adaptive Strength 71.11 62.37 12.62
w/o Mask 59.11 55.23 13.22

Table 3: Ablation study experimental results with several
metrics.

Quantitative evaluation. We quantitatively investigate
the impact of the adaptive strength strategy and the mask-
conditioned generative model with ASR, FID and PSNR
metrics. The experiments are conducted on the CelebA-HQ
dataset using IR152 as the target model, and T is set as
50 for the following experiments. Table 3 proves the adap-
tive strength strategy can help achieve high attacking perfor-
mance and maintain good image quality.

Qualitative evaluation. For the convenience of analysis,
we further conduct the qualitative evaluation as shown in
Figure 6. It can be observed that the designed adaptive
strength and masked image-conditioned module can greatly
enhance the quality of generated images while maintaining
similar attack performance.

Parameter Analysis
We explore the effect of parameter T with ASR metric on the
target model. Because we find that T can control the range
of semantic appearance deformation as shown in Figure 1.
Figure 7 shows the ASR performance when changing T on
the FFHQ and CelebA-HQ datasets. It can be found that the
value of ASR slightly increases with increasing the value of
T. Additionally, Figure 1 shows the change of semantic ap-
pearance deformation when increasing the value of T. When
the value of T increases, the semantic appearance deforma-
tion degree also becomes greater. We can find more gener-
ated adversarial perturbations are integrated into semantic
regions (e.g., hair, ear, hat, etc.). The sufficient experiment
results demonstrate that our proposed method guarantees the
generated adversarial appearance surrounding the identity-
sensitive region and maintains the strong attacking ability.

Limitations and Future Work
Based on the aforementioned analysis, our method has
demonstrated the capability to generate high-quality adver-
sarial samples with a high attacking performance. However,
it is also important to emphasize the limitations of our ap-
proach. Firstly, since our attack model relies on pre-trained
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Method Dataset CelebA-HQ FFHQ

Target Model IR152 IRSE50 FaceNet MobileFace IR152 IRSE50 FaceNet MobileFace

Clean - 4.72 5.40 0.80 14.84 3.56 4.94 1.53 9.60

Gradient-based
FGSM 11.52 47.13 1.22 54.75 10.00 51.01 3.95 53.26
PGD 41.80 67.09 20.62 59.51 38.84 73.84 19.34 62.32

MIFGSM 44.81 77.05 27.81 65.30 44.21 81.00 24.54 67.84

Patch-based Adv-Hat* 2.50 - 4.70 8.40 13.60 - 4.80 3.10
Gen-AP* 19.50 - 15.80 24.40 12.00 - 8.20 19.90

Stealthy-based Adv-Attribute* 44.30 - 31.80 50.20 46.30 - 31.90 49.90
AMT-GAN 10.38 55.28 5.08 46.80 14.35 60.21 7.23 45.12

Ours Adv-Diffusion 53.33 84.11 36.84 73.02 53.42 82.91 32.21 69.25

Table 2: The comparison of experimental results with ASR metric when T is set as 50.
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Figure 6: Ablation study results of generated adversarial
samples when T is set as 50. The number below the images
means the calculated similarity score with the same target
face by the refined recognition model.

large generative models, the generation of the adversari-
al image process is subject to the constraints derived from
these source generative models. Consequently, some gen-
erated adversarial images may exhibit noticeable artifact-
s, thereby compromising generation quality and potentially
impacting the attacking performance. The negative results
are shown in the supplement. Secondly, it is worth noting
that our method primarily focuses on generating adversari-
al face images, and its ability for other image types may be
limited. We extend the Adv-Diffusion applied to non-face

200 400 600 800 1000
FFHQ. IR152 0.539 0.55 0.552 0.56 0.566

FFHQ. MobileFace 0.7 0.713 0.721 0.748 0.762
CelebA-HQ. IR152 0.541 0.542 0.548 0.552 0.556

CelebA-HQ. MobileF 0.741 0.746 0.756 0.762 0.779

FGSM PGD MIFGSM AMT-GAN Adv-Diffusion
Face++ 45.93 60.2 61.3 53.38 61.37
Aliyun 9.21 27.23 30.21 16.92 28.3
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Figure 7: The ASR results with different T values.

images in the supplement. In the future, we will explore ex-
tending the proposed method to encompass a broader range
of image types to mimic more real-world scenarios.

Conclusion
In this paper, we propose the imperceptible adversarial face
identity attack algorithm with the latent diffusion model
(Adv-Diffusion). The proposed method designs a novel u-
nified adversarial face image generation framework, which
can learn adversarial semantic perturbations in the laten-
t space for high attack capabilities and low perceptibili-
ty. To improve the stealthiness performance, we design the
identity-sensitive conditioned diffusion generative module
to guarantee the distinct adversarial appearance surrounding
the identity-sensitive region. The adaptive strength-based se-
mantical perturbation is proposed to ensure good stealth-
iness. Experiments on the public FFHQ and CelebA-HQ
Face datasets illustrate the superior performance of the pro-
posed method. Noting the proposed method is without any
training data or complex network architectures, which will
inspire more researchers to explore related fields. In the fu-
ture, we will evaluate the proposed method with the identity-
attacking performance on more complex real scenarios to
adapt to the needs of the real world.
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