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Abstract. Adversarial attacks have become a significant challenge in the security
of machine learning models, particularly in the context of black-box defense
strategies. Existing methods for enhancing adversarial transferability primarily
focus on the spatial domain. This paper presents Frequency-Space Attack (FSA),
a new adversarial attack framework that effectively integrates frequency-domain
and spatial-domain transformations. FSA combines two key techniques: (1)
High-Frequency Augmentation, which applies Fourier transform with frequency-
selective amplification to diversify inputs and emphasize the critical role of high-
frequency components in adversarial attacks, and (2) Hierarchical-Gradient Fu-
sion, which merges multi-scale gradient decomposition and fusion to capture
both global structures and fine-grained details, resulting in smoother perturba-
tions. Our experiment demonstrates that FSA consistently outperforms state-of-
the-art methods across various black-box models. Notably, our proposed FSA
achieves an average attack success rate increase of 23.6% compared with BSR
(CVPR 2024) on eight black-box defense models.
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1 Introduction

Deep neural networks (DNNs) have achieved remarkable success across various do-
mains. However, their vulnerability to imperceptible adversarial examples (AES) re-
mains a critical challenge [1]. These adversarial examples are crafted by introducing
subtle, human-imperceptible perturbations to the original images, which can cause
DNNs to produce incorrect predictions. Furthermore, AEs exhibit a concerning prop-
erty known as transferability [2], where examples designed for a given model (that is,
the white-box model) can also mislead other models. Investigating the transferability
of AEs not only reveals the vulnerabilities of DNNSs, but also provides a foundation for
developing more robust defenses.

To enhance the transferability of adversarial examples, numerous methods have been
proposed, with input transformation-based attacks emerging as the most widely adopted
strategies. These methods apply a series of operations, such as random resizing and
padding [3], translation [4], and scaling [5], to the input examples during gradient com-
putation, aiming to prevent the generated adversarial examples from overfitting to the



model. More recently, more complex input transformations have been introduced. For
instance, Admix [6] blends input image with images of different categories, SIA [7]
applies transformations to individual blocks, and BSR [8] employs block shuffling and
rotation to further boost transferability. In parallel, several studies [9-15] have explored
the vulnerabilities of DNNs from a frequency-domain perspective. Long et al. [13] pro-
pose SSA, a frequency-domain attack using spectral perturbations in the DCT domain
with Gaussian noise and uniform spectral masks.

Despite these advances, the exploration of frequency-domain transformations re-
mains limited. Notably, some studies have revealed two critical insights: first, DNNs
exhibit distinct sensitivities to different frequency components [16]; and second, the
adversarially trained models (i.e., defense models) show increased robustness when
processing low-frequency information [17]. These observations suggest that high-fre-
quency components may be more influential in crafting effective adversarial perturba-
tions, whereas low-frequency components contribute more to enhancing model robust-
ness. Building on these insights, we propose a new Frequency-Space Attack (FSA),
which leverages the complementary strengths of both frequency-domain and spatial-
domain manipulations to generate adversarial examples. The proposed FSA consists of
two modules: High-Frequency Augmentation Module (HAM) in the frequency domain
and Hierarchical-Gradient Fusion Module (HFM) in the spatial domain. HAM trans-
forms input images into the frequency domain via the Fourier trans-form and amplifies
their high-frequency components, while HFM operates in the spatial domain, employ-
ing a multi-scale approach that transforms gradient information into different scales and
fuses them. By integrating frequency-domain feature refinement with spatial-domain
multi-scale optimization, FSA establishes a unified framework for generating adversar-
ial examples that achieve high attack success rates against the black-box defense mod-
els.

The main contributions of this paper are summarized as follows:

1) We propose a new FSA that leverages the complementary strengths of both fre-
guency-domain and spatial-domain to enhance adversarial transferability.

2) The proposed HAM utilizes Fourier transforms and selective amplification to en-
hance the diversity of input examples, revealing the critical role of high-frequency in-
formation in adversarial attacks.

3) The proposed HFM employs multi-scale gradient decomposition and fusion to
capture both global structures and local details, effectively mitigating the overfitting of
adversarial examples to white-box models.

4) Extensive experiments demonstrate that FSA consistently outperforms state-of-
the-art attack methods, achieving an average improvement of 23.6% in attack success
rate against defense models compared to BSR.

2 Related Works

To improve the transferability of AEs, the two most commonly adopted strategies are
gradient-based attacks and input transformation-based attacks. Gradient-based attacks
refine gradient estimation to generate more imperceptible yet effective perturbations.
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MI-FGSM [18] and NI-FGSM [5] extend I1-FGSM [19] by incorporating momentum
and Nesterov acceleration respectively, while PI-FGSM [20] enhances gradient updates
by employing an amplification factor and redistributing cut noise through a project ker-
nel. In contrast, input transformation-based attacks improve generalization by aggre-
gating gradients computed over various transformed inputs. DIM [3] applies random
resizing and padding, TIM [4] employs convolutional smoothing to enhance translation
invariance, and SIM [5] utilizes multi-scale resampling. Admix [6] blends images to
increase perturbation diversity, SIA [7] applies transformations to individual blocks,
while BSR [8] enhances transferability by shuffling and rotating image blocks.

To explore the frequency-domain behavior of DNN, Wang et al. [14] and Yin et al.
[15] found that CNNs rely heavily on high-frequency components, improving accuracy
but reducing adversarial robustness. Yin et al. [15] further observed that traditional data
augmentation techniques, such as Gaussian noise injection, induce a robustness trade-
off between high-frequency and low-frequency perturbations. Long et al. [13] proposed
SSA, a frequency-domain attack that enhances adversarial transferability by introduc-
ing spectral perturbations in the DCT domain through Gaussian noise and uniform spec-
tral mask.

3 Methodology

3.1 Framework Overview
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Fig. 1. The flowchart of our proposed FSA.

Our proposed Frequency-Space Attack (FSA) framework is illustrated in Fig. 1, which
integrates two modules: the High-Frequency Augmentation Module (HAM) and the
Hierarchical-Gradient Fusion Module (HFM). HAM leverages Fourier transforms and



selective amplification to enhance the diversity of input examples x, generating aug-
mented examples x**9. In the subsequent HFM stage, the gradient of the augmented
example g,., undergoes multi-scale gradient decomposition and fusion, resulting in the
combined gradient g<, which is then utilized to determine the adversarial perturbation
to craft adversarial examples x @,

3.2  High-Frequency Augmentation Module

As illustrated in Fig. 1, the proposed FSA begins with the HAM process, which gener-
ates the augmented example x**9. In HAM, the input example x with dimensions
H x W x 3 is first transformed into the frequency domain using the Fourier transform
F(-), resulting in its frequency representation D,.. Simultaneously, Gaussian noise ¢ is
generated and mapped to the frequency domain to produce D; = F(§ - W). Here, each
element of ¢ follows &, ,, ~ V'(0,02), while the high-frequency weighting matrix W
is defined as Wy, ,, = (h + w)/(H + W — 2), where h and w represent the coordinate
positions in x. This weighting function increases with spatial frequency, amplifying
high-frequency components.

After obtaining D, and D, the high-frequency enhanced noise D¢ is integrated into
D, followed by the introduction of a random spectral modulation matrix M for adjust-
ment, resulting in D,, formulated as:

Dy = (Dx + D) - M 1)

where M ~ U(1 — p,1 + p) is a random frequency-domain mask, and ho modulates
the intensity of frequency-domain adjustments, and the weighting matrix W dynami-
cally regulates p. The augmented example x**9 is then reconstructed through inverse
Fourier transformation:

X9 = F1(D,) @)

where F~1(-) denotes the Inverse Fourier Transform.

3.3 Hierarchical-Gradient Fusion Module

By incorporating the aforementioned FSA, we obtain the augmented example x%%9,
The gradient of the loss function with respect to x*9, denoted as g,, is then computed
to guide the adversarial perturbation.

In the HFM of Fig. 1, a Gaussian pyramid is constructed by applying Gaussian
smoothing and down-sampling to g,, producing a series of progressively lower-reso-

lution gradient representations, namely G\, G\, ..., GivV | where n denotes the
number of layers in the pyramid. The mathematical form of Glfiir is given by:

Gtg?&r = YGx @)
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Glsgtr = Faown (g(GlS;L_L:) ) (4)
where F;,,,»(-) represents the down-sampling operation, and G(+) denotes the Gauss-
ian blur operation. The index i € [1,n — 1] denotes the pyramid level, where each

Gz%r is recursively generated from the previous level G,ff;rl) via Gaussian blur and
down-sampling.

To aggregate information across different scales, we fuse the pyramid layers using a
weighted summation:

L-1

g8 =) wiFup(Gi) ©

i=0

where g5 denotes the combined gradient, F,, (-) up-samples each level to the same di-
mension as g,., and the weighting coefficient w; is defined as:

,BL_i

i:o BL_k

where decay factor 8 lies within the interval (0,1), ensuring that lower-resolution gra-
dients contribute more significantly to the combined gradient g<. This strategy inte-
grates coarse-grained structural information from deeper pyramid layers while preserv-
ing fine-grained details from shallower layers. The multi-scale fusion mechanism adap-
tively balances local and global gradient information during optimization, ensuring
more effective gradient-guided updates.

(6)

wi =

3.4  Frequency-Space Attack

According to equation (5), we derive the combined gradient g5, which forms the core
of our algorithm. In an iterative attack, each step uses the current adversarial example
x2® (where x3% = x) as input to compute the corresponding combined gradient Ixe-
This gradient then guides the update of the adversarial perturbation for x##”. By incor-
porating gz, into MI-FGSM, we develop the FSA method. The process of generating
adversarial examples using FSA is summarized as follows:

Je+1 = K- ge + I )
o “ g5
Xt = Clipg{xf® + a - sign(ge+1)} (8)

where u denotes the momentum factor, e denotes the maximum perturbation, « de-
notes the step size, « = €/T, T represents the number of iterations, sign(-) denotes the
sign function, and ClipZ{-} ensures that the generated adversarial example is clipped
within the e-ball of the original image x.



4 Experiment

4.1  Settings

We implement our framework in TensorFlow and perform evaluations using an
NVIDIA RTX 4090 Ti GPU. To ensure comparability with previous studies, we adopt
the [-norm as the metric for distortion and utilize the cross-entropy loss during training.

Dataset: The test dataset comprises 1000 randomly sampled images from the
ImageNet validation set [21], as provided by Lin et al [5].

Models: We select four normally trained models—Inc-v3 [22], Inc-v4 [23], IncRes-
v2 [23], and Res-v2-101 [24] as white-box models to generate AEs. The adversarial
examples are evaluated on eight defense models, including Inc-v3enss [25], INC-V3ensa
[25], IncRes-V2ens [25], HGD [26], R&P [27], NIPS-r3%, FD [28], and NRP [29].

Baselines: Six input transformation-based attacks are selected as our baselines, in-
cluding DIM [3], TIM [4], SIM [5], Admix [6], SSA [13] and BSR [8]. For fairness, all
input transformations are integrated into MI-FGSM [18]. In addition, we compare the
combination versions of these methods, such as STD (a combination of MI-FGSM [18],
SIM [5], TIM [4], and DIM [3]) and FSA-STD.

Hyper-parameters: The maximum perturbation e = 16, number of iterations T =
10, and step size a = €/T = 1.6. MI-FGSM uses a momentum factor ¢ = 1.0. DIM
has a transformation probability p = 0.5. TIM employsa 7 x 7 kernel. SIM and Admix
use m = 5 copies (with Admix using m, = 3 examples and a mixing ratio n = 0.2).
For SSA, we set the tuning factor p = 0.5, the standard deviation ¢ of ¢ to €, and the
number of spectral transformations N = 20. BSR divides images into 2 x 2 blocks,
and applies T = 24° and N = 20 transformations. For our proposed FSA, we set decay
factor f = 0.8, pyramid layers n = 5,spectral factor p = 0.7, the standard deviation o
of & to 2¢, and the number of frequency-space attacks to N = 20. It is worth noting that
in Sec. 4.3: Evaluation on Combined Input Transformation, to reduce spatial complex-
ity and balance transformation intensity, we set N = 8. The other parameter settings
remain the same as in the individual attack methods.

4.2 Evaluation on Single Model

This section analyzes the ASR of adversarial examples generated by FSA on four stand-
ard trained models (Inc-v3, Inc-v4, IncRes-v2, Res-101) against eight defense models
and compares it with other mainstream adversarial attack methods (DIM, TIM, SIM,
Admix, SSA, and BSR). The values in the Table 1 represent the ASR, i.e., the misclas-
sification rate of the target model. Each column represents the attacked model, while
each row represents adversarial examples generated by the corresponding source
model. The results indicate that FSA achieves a significantly higher average ASR on
the source models compared to other methods, with an improvement ranging from 2.8%
to 46.5%. Furthermore, the average ASR of FSA exceeds that of BSR by 2.8% to
19.1%. Specifically, compared with traditional methods such as DIM, TIM, and SIM,

L https://github.com/anlthms/nips-2017/tree/master/mmd
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FSA improves the average success rate by 25.9% to 51.0%, further verifying its effec-
tiveness in enhancing adversarial transferability. On the IncRes-v2e,s ensemble model,
when using Inc-v3 as the source model, FSA achieves an attack success rate of 64.1%,
significantly outperforming BSR and SSA. Additionally, across other source models,
FSA outperforms BSR and SSA by 13.9% to 29.6%. These results demonstrate the
superiority of FSA in generating transferable adversarial examples and further empha-
size the importance of frequency-space collaborative attacks as a means to enhance
transferability.

Table 1. ASR (%) of eight models under different input transformations in a single-model setting.

In-
Model At e e pee hep rep WP nre D AVG
tack V3enss  V3ensa v2 r3

DIM 185 176 94 6.9 8.0 142 161 457 171
TIM 241 210 128 169 120 151 173 421 202

SIM 326 311 176 147 164 237 243 547 269

Inc- Ad-
v3 mix

SSA 406 382 233 145 230 302 339 690 341
BSR 538 506 308 423 330 438 288 729 445
FSA 748 727 641 661 599 662 643 765 681

401 390 211 214 206 289 281 635 328

DIM 221 208 101 106 123 167 155 458 192
TIM 259 239 175 225 171 194 159 438 233

SIM 475 451 293 294 292 366 298 592 383

Inc- Ad-
v4 mix

SSA 461 438 319 259 292 381 363 683 400

549 514 330 359 338 426 339 680 442

BSR 560 523 343 523 381 482 300 721 479
FSA 694 704 639 536 611 653 563 730 641

DIM 322 251 177 192 183 238 192 487 255

TIM 322 277 219 262 210 240 197 500 278

SIM 571 491 417 400 358 431 345 649 458
In-

Ad-

cRes- mix 611 521 457 435 401 486 394 705 501

SSA 565 521 461 425 423 495 424 703 502
BSR 687 620 497 647 548 630 375 771 597
FSA 747 725 734 725 694 713 665 735 717

DIM 361 327 209 278 224 303 244 565 314
TIM 364 323 229 314 241 282 243 515 314

Res- SIM 434 383 263 323 258 330 290 590 359

101 ';\]?); 487 421 305 358 290 379 323 648 401
SSA 530 502 391 443 379 473 417 741 485
BSR 788 732 549 793 613 729 450 855 689




FSA 764 737 688 704 670 705 680 790 717

4.3  Evaluation on Combined Input Transformation

Previous studies have shown that a well-designed input transformation-based attack not
only exhibits better transferability but can also be compatible with other input transfor-
mations, thereby generating more transferable adversarial examples. To evaluate this,
we integrate our proposed FSA with various input transformations, denoted as DIM-
FSA, TIM-FSA, SIM-FSA, STD-FSA, Admix-FSA, and BSR-FSA. We report the at-
tack success rates of adversarial examples generated on Inc-v3 in Table 2. Our results
demonstrate that FSA significantly enhances the transferability of these input transfor-
mation-based attacks. When FSA is combined with these transformations, the ASR im-
proves by 18.5% to 49.2% on average. Notably, when FSA is integrated with SI-DI-
TIM, it further enhances transferability by 7.8% to 39.1%. Additionally, combining
FSA with BSR remarkably boosts the attack success rate by an impressive 41.5% on
average. These findings highlight the strong compatibility of FSA with existing input
transformation strategies, demonstrating that its combination with other techniques can
further optimize attack generalization and enhance adversarial transferability.

Table 2. ASR (%) of eight models under different transformations combined with FSA. 1 indi-
cates ASR improvement.

At- Inc- Inc- IncRes- NIPS-

tack V3ens3 V3enss V2ens HGD R&P 3 NRP FD AVG.
'ﬁ'&' 73257 7071 621is 5821  6l2i: 6561  631uo  76.0m: 492
686w 67.0u0 572w 642u 543y 84w 60200 T23w: 426
i's'\i T77.5s  784us 67500  70.0;s: 6284 69.9uss  T18us  T94ms 453
SFTSE;' 79200, 792150 70.6mes  69.4i:  67.6ms  T24use  T48uso  8L1ne 185
Ad-

Mix-  794u; 785105  689us  70.8us  65.0us  Tldus 700w 7990,  40.2
FSA

BSR-

FSA 90.1:363 89.4:355 82.81520 84.2:419 82.2:492 86.61423 81.6:505 90.9:150 41.5

4.4  Ensemble Models

In the field of adversarial attacks, ensemble attacks, which generate adversarial exam-
ples by leveraging gradient information from multiple source models simultaneously,
have been proven effective in improving transferability. To verify the compatibility of
our proposed FSA method with ensemble attacks, we generate adversarial examples
using four standard trained models (Inc-v3, Inc-v4, IncRes-v2, and Res-101) and eval-
uate their ASR against the eight defense models mentioned earlier. Table 3 presents the
ASR on ensemble models. In terms of average ASR, FSA alone achieves 87.7%, which
is comparable to the SOTA BSR method and significantly outperforms traditional ap-
proaches such as DIM and SIM. Moreover, FSA demonstrates a distinct advantage
against ensemble defense models. For instance, on the IncRes-v2¢,s defense model,
FSA achieves an ASR of 87.1%, surpassing even the highly effective BSR and STD
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methods. These results validate that FSA-generated adversarial examples, crafted
through frequency-space collaboration, can better adapt to the decision boundaries of
ensemble models, further enhancing their transferability and robustness in attacking
defense mechanisms.

Table 3. ASR (%) of eight models when adversarial examples are crafted using an ensemble of
Inc-v3, Inc-v4, IncRes-v2, and Res-101.

In-
At Ine e g oD R&p NP5 NRP D AVG,
tack V3enss  V3ensa V2 r3

ens

DIM 56.4 52.4 36.4 438 383 50.1 325 727 478
TIM 61.9 56.3 46.1 60.7  46.7 53.2 36.0 650 532
SIM 78.8 744 60.8 69.8 593 70.6 541 813 686

83.6 78.3 63.9 73.7 652 772 578 865 733
SSA 827 80.0 717 759 648 80.6 708 893 770
BSR 934 89.0 76.6 921 814 89.7 586 924 842
STD 89.7 86.8 84.6 88.6  85.0 87.4 726 883 854
FSA 897 88.8 87.1 889  86.4 86.9 848 889 877

DbV 908 896 872 891 867 884 848 894 883
To 879 878 850 856 837 848 833 870 856
DI-

TIM- 888 882 864 86.0 856 86.6 855 891 870

4.5  Ablation Study

To further investigate the performance enhancements of FSA, we conducted an ablation
study and hyperparameter analysis by generating adversarial examples on Inc-v3 and
evaluating them on four standard models, namely Inc-v3, Inc-v4, IncRes-v2, and Res-
101, as well as three defense models, including INC-v3ens3, INC-V3ensa, and INCRES-V 2.

1) The number of transformed images N. As shown in Fig. 2(a), when N = 2,
FSA outperforms BSR in transferability across three defense models, demonstrating
higher efficiency and effectiveness. As N increases, the attack performance progres-
sively improves and stabilizes when N > 20. Therefore, we set N = 20 in our experi-
ments.

2) The value of decay factor B. As shown in Fig. 2(b), the attack success rate gen-
erally improves as the decay factor B increases. Specifically, when g increases from
0.1to 0.8, a significant rise in success rate is observed. However, beyond 8 = 0.8, the
improvement plateaus, and further increasing g yields only marginal benefits to attack
performance. Therefore, we set § = 0.8 as the optimal hyperparameter to balance at-
tack effectiveness and stability.

3) The value of pyramid layers n. In order to evaluate the impact of the number of
pyramid layers on model robustness, an ablation study was conducted with n =



2,3,...,9. As illustrated in Fig. 2(c), the attack success rate remains relatively stable
across different settings. Consequently, we selected n = 5 as a balanced configuration,
which offers competitive performance while preventing potential redundancy and un-
necessary computational costs introduced by deeper pyramids.

4) The size of Gaussian kernel K. To assess the impact of the Gaussian kernel size
on attack performance, we conducted an ablation study varying the pyramid layer ker-
nel from 3 x 3 to 11 x 11, as illustrated in Fig. 2(d). The attack success rate remains
relatively stable across all kernel sizes, with fluctuations typically within a narrow mar-
gin (less than 2%). Specifically, the 3 x 3 kernel achieves comparable results to larger
kernels, while maintaining computational efficiency and avoiding potential over-
smoothing effects introduced by excessively large kernels. Given the marginal differ-
ences in performance and the increased computational cost associated with larger ker-
nels, we adopt the 3 x 3 kernel in our final setting.

Ine-v3 Inc-v4 IncRes-v2 = Res 101 e Inc-v3gpeg Inc-v3epsy IncRes-v2 pps
100 100 |-
- 90 ~
g Eur
LR 2
P J Ny S PR z
k4 S =
— 3
g™ R \'___,,-—- 2 {
@ @ 7
= 2 a0
S 60 = /)
£ /
2 3 A
w L
ol 0 A SR S ST ST N SN SN S|
2 4 05 6 8 10 12 14 16 18 20 22 24 26 28 30 01 02 03 04 05 06 07 08 09 1
Transformation Times V Dacay Factor ff
100 100 F
95 95 |
= ~
£ w S wl
& &
3wt 3
@ 85 f
P 2
ﬁ 5O @
< 80
g H
% g5 @
o — g 3 = 75t -
N S S : = 4
e < 70
-
ol —
65
o [+
.
60
1 i 4 5 6 7 8 9 3 s 7 P m
Pyramid Layers n Gaussian Kernel K

Fig. 2. ASR (%) of adversarial examples generated by FSA under varying numbers of
images N, perturbation budget g, iteration steps n, and Gaussian kernel K.

5) The values of spectral factor p and standard deviation a. To ensure that the
perturbation scale is consistent with the maximum perturbation magnitude, we conduct
a variance ablation study using multiples of €. As shown in Fig. 3, when ¢ remains
within a lower range (e — 3¢), the attack success rate remains high. However, when e
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exceeds 3¢, excessive Gaussian noise may interfere with the optimal perturbation di-
rection, leading to a decline in attack effectiveness. Additionally, as p increases from
0.1 to 0.7, the attack success rate generally improves, but further increasing p to 0.9
results in a slight decline. This phenomenon may be attributed to excessive spectral
enhancement, which disrupts the noise distribution and reduces the attack's generaliza-
tion capability. Based on the experimental results, the combination of ¢ = 2e and p =
0.7 consistently achieves high attack success rates across most target models, making
it the optimal configuration for our final experimental setup.
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Fig. 3. ASR (%) of Adversarial Examples Generated by FSA with Different Values of spectral
factor p and Standard Deviation o.

6) The Contribution of HAM and HFM. In order to comprehensively evaluate the
standalone effectiveness of each component within the FSA framework, a detailed
module-level ablation study was conducted. As illustrated in Fig. 4, both modules
demonstrate a marked improvement in performance when applied independently, sur-
passing the baseline method (MI-FGSM) across all target models. This finding indi-
cates that each component contributes significantly to the generation of adversarial ex-
amples. Specifically, HAM significantly enhances attack transferability by introducing
frequency-based augmentations to increase input diversity, while HFM improves attack
robustness and stability through multi-scale gradient decomposition and fusion. While
each module demonstrates strong performance in isolation, the integrated FSA config-



uration, which incorporates both HAM and HFM, attains the highest overall perfor-
mance, surpassing all standalone configurations. These results validate the complemen-
tary roles of spatial- and frequency-domain manipulations and confirm the effective-
ness and rationality of FSA's modular design.

100

wr MI-FGSM —6— HFM —6— HAM —A— FST
80
70
60 - —

50 \
40 F

30 ¢

Attack Success Rate (%)

20

10 |-
| I I

Inc-v3,,,; Ine-v3,,., IncRes-v2,,.
Defense Model

Fig. 4. ASR (%) of FSA modules across three target models (INC-V3ens3, INC-V3ensa, IN-
CRes-V2qns). MI-FGSM serves as the baseline.

4.6  Visualization of Adversarial Examples

We randomly select several adversarial examples for visualization, which are obtained
by utilizing MI, BSR and FSA to attack Inc-v3. As shown in Fig. 5, five pairs of clean
images and their corresponding adversarial counterparts are presented. As observed,
the perturbation intensity introduced by our method is comparable to that of baseline
methods, with no noticeable difference.
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Raw Image MI-FGSM BSR FSA(ours)

Fig. 5. Visualization of randomly selected raw images and their corresponding adversarial exam-
ples (which are crafted on Inc-v3).

5 Conclusion

In this paper, we propose a new Frequency-Space Attack (FSA) framework that com-
bines frequency-domain and spatial-domain transformations to enhance the effective-
ness of adversarial attacks, particularly against black-box defense mechanisms. By uti-
lizing High-Frequency Augmentation and Hierarchical-Gradient Fusion, FSA signifi-
cantly boosts the transferability of adversarial attacks by emphasizing high-frequency
components and capturing both global and fine-grained features. Our experimental re-
sults show that FSA outperforms current state-of-the-art methods. These findings high-
light the potential of combining frequency-domain techniques with traditional spatial-
domain approaches to develop more robust and efficient adversarial attacks, advancing
the field of machine learning security.
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