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ABSTRACT

With the wide application of deep neural network models in various
computer vision tasks, there has been a proliferation of adversar-
ial example generation strategies aimed at exploring model secu-
rity deeply. However, existing adversarial training defense models,
which rely on single or limited types of attacks under a one-time
learning process, struggle to adapt to the dynamic and evolving na-
ture of attack methods. Therefore, to achieve defense performance
improvements for models in long-term applications, we propose
a novel Sustainable Self-evolution Adversarial Training (SSEAT)
framework. Specifically, we introduce a continual adversarial de-
fense pipeline to realize learning from various kinds of adversarial
examples across multiple stages. Additionally, to address the is-
sue of model catastrophic forgetting caused by continual learning
from ongoing novel attacks, we propose an adversarial data re-
play module to better select more diverse and key relearning data.
Furthermore, we design a consistency regularization strategy to
encourage current defense models to learn more from previously
trained ones, guiding them to retain more past knowledge and
maintain accuracy on clean samples. Extensive experiments have
been conducted to verify the efficacy of the proposed SSEAT de-
fense method, which demonstrates superior defense performance
and classification accuracy compared to competitors.
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KEYWORDS
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1 INTRODUCTION

Deep learning has been widely applied in computer vision tasks
such as image classification [8, 65] and object detection [6, 37],
resulting in significant advancements. However, the vulnerability of
deep learning models to adversarial attacks [16, 26, 49] has become a
critical concern. Adversarial examples involve intentionally crafted
small perturbations that deceive deep learning models, leading them
to produce incorrect outputs. This poses a serious threat to the
reliability and security of these models in real-world applications.
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Figure 1: A conceptual overview of our Sustainable Self-
evolution Adversarial Training (SSEAT) method. When con-
fronted with the challenge of ongoing generated new ad-
versarial examples in complex and long-term multimedia
applications, existing adversarial training methods struggle
to adapt to iteratively updated attack methods. In contrast,
our SSEAT model achieves sustainable defense performance
improvements by continuously absorbing new adversarial
knowledge.

Consequently, research on defense mechanisms [17, 22, 34] has
become increasingly essential and urgent.

Nowadays, researchers study various model defense methods to
address highly destructive adversarial samples, including input sam-
ple denoising [21, 24] and attack-aware detection [14, 15]. Among
these defense methods, adversarial training [12, 67] stands out as
one of the most effective defense strategies. Adversarial training
is a game-based training approach aimed at maximizing perturba-
tions while minimizing adversarial expected risk. Its core idea is
to integrate generated adversarial examples into the training set,
enabling the model to learn from these examples during training
and enhance its robustness.

Current adversarial training strategies often rely on one or lim-
ited types of adversarial examples to achieve robust learning, and
focus on improving the defense performance against attacks and
the efficiency of the adversarial training process. However, in real-
world applications, as researchers delve deeper into model defense
and security, various new attack strategies continue to emerge (Ac-
cording to our incomplete statistics, over the past five years, more
than 200 papers on adversarial attack algorithms have been pub-
lished in top journals and conferences every year across various
fields including multimedia, artificial intelligence, and computer
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vision), existing adversarial training strategies obviously struggle
to address such complex scenario.

Therefore, it is essential for deep models to achieve sustainable
improvement in defense performance for long-term application
scenarios, as shown in Fig. 1. This has brought about the following
challenges: (1) How to achieve the sustainability of the adversarial
training strategy when new adversarial examples are constantly
being born; (2) How to solve the model catastrophic forgetting prob-
lem caused by continuous exposure to new adversarial examples;
(3) How to balance the model’s robustness on adversarial examples
and accuracy on clean data.

In this study, to address the above three challenges for the de-
fense model against the ongoing generation of new adversarial
examples, we propose a novel and task-driven Sustainable Self-
evolution Adversarial Training (SSEAT) framework to ensure the
model maintains its accuracy and possesses robust and continu-
ous defense capabilities. Our SSEAT defense method comprises
three components: Continual Adversarial Defense (CAD), Adver-
sarial Data Reply (ADR), and Consistency Regularization Strategy
(CRS). To achieve sustainability in the adversarial training strategy
(Challenge (1)), drawing inspiration from the continue learning
paradigm, we propose a CAD pipeline, which learns from one type
of adversarial example at each training stage to address the contin-
ual generation of new attack algorithms. To address the issue of
catastrophic forgetting when continuously learning from various
attacks (Challenge (2)), we introduce an ADR module to establish an
effective re-learning sample selection scheme, advised by classifica-
tion uncertainty and data augmentation. Meanwhile, to realize the
trade-off between the model’s robustness against adversarial exam-
ples and accuracy on clean data (Challenge (3)), We designed a CRS
module to help the model not overfit to current attacks and prevent
the model from losing knowledge on clean samples. Overall, our
SSEAT method effectively addresses a range of defense challenges
arising from continuously evolving attack strategies, maintaining
high classification accuracy on clean samples, and ensuring lifelong
defense performance against ongoing new attacks.

We summarize the main contributions of this paper as follows:

e We recognize the challenges of continuous defense setting,
where adversarial training models must adapt to ongoing
new kinds of attacks. This deep model defense task is of
significant practical importance in real-world applications.

e We propose a novel sustainable self-evolution adversarial
training algorithm to tackle the problems under continuous
defense settings.

e We introduce a continual adversarial defense pipeline to
learn from diverse types of adversarial examples across mul-
tiple stages, an adversarial data reply module to alleviate the
catastrophic forgetting problem when the model continu-
ously learns from new attacks, and a consistency regulariza-
tion strategy to prevent significant accuracy drop on clean
data.

o Our approach has yielded excellent results, demonstrating
robustness against adversarial examples while maintaining
high

Anonymous Authors

2 RELATED WORK
2.1 Adversarial Attacks

The impressive success of deep learning models in computer vision
tasks [6, 37, 62] has sparked significant research interest in studying
their security. Many researchers are now focusing on adversarial
example generation [16, 26, 49]. Adversarial examples add subtle
perturbations that are imperceptible to the human eye on clean
data, causing the model to produce incorrect results. Depending
on the access rights to the target model and data, attacks can be
divided into black-box attacks [1, 38, 45, 47] and white-box attacks
[4, 19, 40, 46]. Most white-box algorithms [19, 31, 40] obtain adver-
sarial examples based on the gradient of the loss function to the
inputs by continuously iteratively updating perturbations. In black-
box attacks, some methods [52, 68] involve iteratively querying the
outputs of the target model to estimate its gradients by training a
substitute model, while others [5, 41, 44] concentrate on enhancing
the transferability of adversarial examples between different mod-
els. Over time, new algorithms for generating attack examples are
continually being developed. Therefore, our focus is on addressing
the ongoing creation of new attacks while maintaining the model’s
robustness against them.

2.2 Adversarial Training

Adversarial training [19] is a main method to effectively defend
against adversarial attacks. This approach involves augmenting
the model’s training process by incorporating adversarial exam-
ples, thus the data distribution learned by the model includes not
only clean samples but also adversarial examples. Many adversarial
training research mainly focuses on improving training efficiency
and model robustness [11, 32, 57, 67]. For example, Zhao[66] uses
FGSM instead of PGD during training to reduce training time and
enhance efficiency, Dong [12] investigates the correlation between
network structure and robustness to develop more robust network
modules, Chen [7] uses data enhancement or generative models
to alleviate robust overfitting, and Lyu [39] adopts regularization
training strategies, such as stopping early to smooth the input loss
landscape. Meanwhile, the trade-off between robustness and accu-
racy has attracted much attention [34, 43, 51]. TRADES [63] utilizes
Kullback-Leibler divergence (KL) loss to drive clean and adversarial
samples closer in model output, balancing robustness and accuracy.
In addition, some studies [48, 64] try to use curriculum learning
strategies to improve robustness while reducing the decrease in
accuracy on clean samples. Most current adversarial training ap-
proaches rely on a single or limited adversarial example generation
algorithm to enhance model robustness. However, in real-world
scenarios, existing defense methods struggle to address the ongoing
emergence of diverse adversarial attacks. Inspired by the continue
learning paradigms, we aim to enhance defense capabilities by en-
abling the adaptive evolution of adversarial training algorithms for
long-term application scenarios.

2.3 Contiune Learning

Continue learning [2, 28, 58] aims at the model being able to contin-
uously learn new data without forgetting past knowledge. Continue
learning can be mainly divided into three categories. One is based
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Figure 2: (a) Illustration of our Continual Adversarial Defense (CAD) pipeline. CAD helps the model to learn from new kinds of
attacks in multiple stages continuously. (b) Illustration of our Adversarial Data Replay (ADR) module. ADR guides the model
to select diverse and representative replay data to alleviate the catastrophic forgetting issue. (c) Illustration of our Consistency
Regularization Strategy (CRS) component. CRS encourages the model to learn more from the historically trained models to

maintain classification accuracy.

on the regularization of model parameters [27, 61] by preserving
important parameters from the past while updating less critical
ones. However, this method’s performance is not ideal when ap-
plied to scenarios involving a large number of tasks. One is based on
knowledge playback [3, 9, 35, 42, 50], where important past samples
are stored in memory and used for training when encountering new
tasks. Another approach involves dynamically expanding model pa-
rameters [18, 23, 33] to assign different parameters to different tasks.
This method helps alleviate catastrophic forgetting and enhances
model performance, but it requires significant memory and com-
putational resources. Nevertheless, continue learning models are
also susceptible to adversarial examples. Wang et. al. [54] attempt
to combine adversarial training with continue learning paradigms,
but they do not consider the defensive performance of the current
model against old attacks in long-term application scenarios. Dif-
ferently from previous work, our focus is on ensuring that when
the model continues to encounter new adversarial attacks, it can
maintain robustness against past adversarial examples and improve
resilience against new adversarial attacks.

3 METHODOLOGY

3.1 Task Defination and Framework Overview

Continuous Defense Setting. As deep learning models become
widely used in fields like healthcare, manufacturing, and military,
ensuring their security has become a primary focus for researchers.
Investigating adversarial examples with high transferability pro-
vides valuable insights into deep models. Consequently, there has
been a constant influx of diverse new attack methods [16, 26, 49]
in recent years. To develop defense algorithms suitable for long-
term applications, we have designed a new Continuous Defense
Setting (CDS). In the CDS, a model trained on clean data needs
to continually cope with and learn from newly generated adver-
sarial examples, meanwhile, due to limited storage resources, it is
impractical to retain a vast number of learned samples. Therefore,
our research focuses on addressing the challenge of catastrophic
forgetting, improving the model’s defense against various attacks,
and maintaining high accuracy on clean samples.
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Framework Overview. To address the ongoing generation of di-
verse adversarial samples and tackle model defense challenges in
long-term application scenarios, we propose a Sustainable Self-
evolution Adversarial Training (SSEAT) algorithm under CDS, con-
taining Continual Adversarial Defense (CAD), Adversarial Data
Reply (ADR), and Consistency Regularization Strategy (CRS) three
components. As shown in Fig. 2, based on the continue learning
paradigm, the CAD employs a min-max adversarial training opti-
mization process to continually learn from new attack samples, as
described in Sec. 3.2. To alleviate the catastrophic forgetting issue
and boost the model robustness of the diverse attacks, in Sec. 3.3, we
introduce a DR module to adaptively select important samples from
the previous learning stage for data replay during training. Mean-
while, inspired by the knowledge distillation strategy, in Sec. 3.4,
we also design a CRS module to shorten the distance between the
current model and the model trained in the previous stage, thereby
maintaining the model’s recognition performance on clean samples
over time.

3.2 Continual Adversarial Defense

In a classification task, a dataset D consists of n pairs (x;, y;), where
x; represents input samples and y; denotes corresponding class
labels ranging from integers 1 to K. The classification model fy
is intended to map the input space X to the output space AK~1,
generating probability outputs through a softmax layer. To deal
with the boom-growing attack strategies, the concept of adversarial
robustness extends beyond evaluating the model’s performance
solely on . It involves assessing the model’s ability to handle
perturbed samples within a certain distance metric range around P.
Specifically, our goal is to achieve I, — robustness, where we aim to
train a classifier fy to accurately classify samples (x + §, y) under
any 6 perturbation such that [|6]|, < e. Here, (x,y) follows the
distribution #, and p > 1 with a small € > 0.

The core concept of adversarial training is to incorporate gener-
ated adversarial examples into the training set, allowing the model
to learn from these adversarial examples during training, thereby
acquiring more robust features and enhancing the model’s defense
capability. Adversarial training can be formalized as a min-max
optimization problem: the goal is to find model parameters 6 that
enable the correct classification of adversarial examples,

max Lgg, (0,x +6,7y) (1)

mingE -
OZCey)~D 5 <e

where L 4, represents the loss function, and we use the standard
cross-entropy loss to design the loss function L ,g4,.

In our practical CDS, the adversarial training model will con-
tinue to encounter adversarial examples generated in various ways.
Thus, we design a novel Continuous Adversarial Defense (CAD)
pipeline, at each stage of CAD, the model is exposed to a batch
of new attack samples for training to adapt continuously to new
environments and data distributions. In the initial stage, the model
is trained on original clean data, and the trained model is denoted
as fp,. Additionally, we generate multiple sets of adversarial ex-
amples targeting the same original sample using different attack
methods, and each adversarial example set corresponds to a specific
attack method. During the CAD, the model trains on adversarial

Anonymous Authors

examples generated by specific attack methods in each learning
stage. After each stage, the model is updated and denoted as fy,,
where ¢ represents the stage number. The training process of the
model is described as follows,

Initial Stage: The model fp, is trained on the original clean sample
set Dl(.)m.t = {(x1,yi) }}.;, where x; is the input sample and y; is the
corresponding label.

CAD Training Stage: In the t,;, stage, the model fy, | receives a

n

set of adversarial samples Z)fl do = {(xlt , yl-t ) } . generated by the
i=

t;p, attack method for training, resulting in the updated model fp, .

3.3 Adversarial Data Reply

During the CAD, as more and more attack examples are incor-
porated into training, the model increasingly struggles to avoid
catastrophic forgetting, hindering its ability to maintain sustain-
able defense capabilities in long-term application scenarios. Thus,
we introduce a novel Adversarial Data Reply (ADR) strategy to
realize an effective rehearsal sample selection scheme, enhance
adversarial example diversity, and obtain high-quality replay data.
High-quality sample data should accurately reflect their class at-
tributes and demonstrate clear distinctions from other classes in
the feature space. We consider samples located at the distribution
center to be the most representative, while those at the classifica-
tion boundary are the most distinctive. Therefore, based on these
two characteristics, we select diverse and representative replay data
within the feature space.

However, accurately computing the relative position of samples
in the feature space requires significant computational resources
and time. Therefore, we utilize our classification model to infer the
uncertainty of samples, thereby indirectly revealing their relative
positions in the feature space. In practical implementation, we per-
form various data augmentations to obtain augmented samples.
Subsequently, we calculate the variance of the model’s output re-
sults for these samples subjected to different data augmentations
to assess their uncertainty. We think that when the model’s predic-
tions for a sample are more certain, the sample may be closer to the
core of the class distribution; conversely, when uncertainty in pre-
dictions increases, the sample may be closer to the class boundary.

First, we define the learning samples for each round as,

0 —
Dinit’ t=0
Dt = (2)
DE >0
adv

where Dy represents the sample set of the t;, learning stage in
CAD.

We assume that the prior distribution of samples p (X|x) is a
uniform mixture of various data augmentations, where X represents
the augmented samples generated via color jitter, shear, or cutout.
We utilize the Monte Carlo method to approximate the uncertainty
of the sample distribution p (y = c|x). Then, we measure the relative
distribution of samples based on the uncertainty of model outputs.
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The derivation process is as follows,

p(y=cl) = /13p(y=c|»zt)p<xt|x> a5

1 Y4
> 2 D py=cl) ®)
t=1

where Z signifies the number of augmentation methods utilized.
The distribution D represents the data distribution defined by x.
p (y = c|%;) denotes the probability of the augmented sample x;
having the label c.
Specifically, the augmented sample x is generated by a random
function g (-),
X=gr (x,01),k=1,..K 4)

where ay. represents a hyper-parameter signifying the stochastic
component of the k;, perturbation.
The prior distribution p (y = %|x) is formulated as,

K
B ) o x g (6 ) )
k=1

where the random variable wy. is selected from a categorical binary
distribution. We assess the sample’s uncertainty in relation to the
perturbation by,
T
Qc = » Wargmax p (y = ¢'|%) (6)
t=1 ¢

r(x)y=1- %mngC 7)

where r (x) represents the uncertainty of sample x, Q. indicates
the number of times augmented samples are predicted as the true
class, W represents the one-hot encoded class vector, where only
the element corresponding to the true class is true. Lower values
of r (x) indicate that the sample resides closer to the distribution
center.

We allocate memory for a replay buffer of size K for each learning
iteration. We sort all samples 9; based on the computed uncertainty
r (x), and sample the examples with an interval of | D;| /K. We have
diversified the replay samples by sampling perturbed samples of
varying intensities, ranging from robust to fragile ones, which can
broaden the scope of memories, encompassing a wide range of
scenarios.

3.4 Consistency Regularization Strategy

In practical application models, in addition to achieving sustainable
defense against attack examples, it is crucial to maintain high recog-
nition accuracy on original clean samples. To prevent the model’s
learned data distribution from straying too far from the space of
clean sample data, we leverage the knowledge distillation method
and propose a novel Consistency Regularization Strategy (CRS),
to ensure that the same sample fed into both previous model fy, |
and current training model fp,, after undergoing independent data
augmentations, still yields similar predictions.

For a given training sample (x, y) ~ O and augmentation A ~ A,
the training loss is given by,

”gn”ax Lcg(f, (A(x) +9),y) ®)
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where A represents the baseline augmentation set. fy, represents
the model parameters during the t;, rounds of CAD.

Considering data points ((x, y) drawn from distribution D, and
augmentations A; and A, sampled from set A , we denote the ad-
versarial noise of A; (x) as §; . It is obtained by §; := argmax|s| .,
L (Ai (x),y,5;0;). Our objective is to regularize the temperature-
scaled distribution fé , (x; 7) of adversarial examples across augmen-
tations for consistency. Here, 7 is the temperature hyperparameter.

Specifically, we use temperature scaling to adjust the classifier:

fg)t (x;7) = Softmax (@) where zg, (x) is the logit value of
(x) before the softmax operation. Therefore, we obtain the reg-
0; P g

ularization loss as follows:
IS (fors A1+ 800 1 fo, (A () +8.2)) ()

where JS (- || -) denotes the Jensen-Shannon divergence. Since aug-
mentations are randomly sampled at each training step, minimizing
the proposed objective ensures that adversarial examples remain
consistently predicted regardless of augmentation selection. Addi-
tionally, in adversarial training, due to the relatively low confidence
of predictions (i.e., maximum softmax value), using a smaller tem-
perature helps ensure a sharper distribution to address this issue.
By ensuring consistency between the predictions of the pre-
vious model and the current training model under different data
augmentation schemes, we can ensure that the previous model
retains the knowledge learned from the previous training. This
CRS approach not only helps improve the model’s robustness to
adversarial samples but also maintains accuracy on clean samples.
The overarching training objective, denoted as L;,;,, integrates

adversarial training objectives with consistency regularization losses.

Initially, we deliberate on averaging the inner maximization objec-
tive L,q, across two distinct augmentations, A1 and Ay, sampled
from the augmentation set A. This choice stems from the equiva-
lence of minimizing over the augmentation set A to averaging over
Al and A2.

> (Lado (A1 (), 43011 + Lagy (A2 (),3:00) (10

Subsequently, we integrate our regularizer into the averaged
objective mentioned above, introducing a hyperparameter denoted
as A. Therefore, the final training objective L;,;,; can be expressed
as follows:

1
Liotal = 5 (Lado (A1 (), y;01-1) + Lagy (A2 (), y;01))

T8 (for, (A1 (0 +61,0) | fo, (A2 (0) +82,7)) (1)

Our regularization method stands apart from the selection of the
adversarial training objective, rendering it universally applicable
to diverse established adversarial training approaches. To illustrate,
if we were to adopt the conventional adversarial training loss, the
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resulting overall objective would be formulated as:

1
Liotal = 5 (”(;nax LCE(fH:-l (A1 (x) +81),y)+
1lip<e

max Lcg(fy, (A2 (x) +82), y))

||52”p§5

4TS (for, (A1 (0 +61,0) [l fo, (A2 (0 +62,7))  (12)

Algorithm 1 Sustainable Self-evolution Adversarial Training.

Require:

Input: Clean sample set Z)?m. ;> Adversarial sample sets Z)é do

for each learning stage ¢, target model fy, Augmentation set

A, Temperature hyperparameter 7, regularization coefficient A,

training epoch T.

Output: Defense model fy,

Initialization: Train the initial model fp, by dataset Z)?m. > Select

replay samples Dry according to Eq. (7)

1: fortinl,---, T do

22 in D; 4o 2Pply adversarial training, according to Eq. (10), to
train the model

3. in Dry, apply adversarial training and consistency regular-
ization strategy, according to Eq. (12), to train the model fj,

4. Combine replay samples with adversarial samples of the

current stage : Dy = {(x, y) |, (x,y) € Dry U Dédv}, and select

replay samples Drs4q according to Eq. (7)
5. end for
6: return fp,

4 EXPERIMENTAL

4.1 Experimental Settings

Datasets. We evaluate our SSEAT model over the CIFAR-10 dataset
[29],which is commonly used for adversarial attack and defense
research. It contains 50,000 images for training and 10,000 images
for testing, covering 10 different categories of objects.Our method
only uses 1000 images for training and all 1000 images for testing.
In each stage, the training and test data are converted into attack
according to the corresponding attack algorithm. The converted
training part of the data is used for SSEAT training, and the test
part is only used for the final black box test. To better verify the
efficacy of our SSEAT method, we also conduct more experiments
over different datasets in the supplementary materials.

Attack Algorithms. Under the CDS task, we use various attack
algorithms, i.e,, FGSM [19], BIM [30], PGD [40], RFGSM [53], MIM
[13], NIM [36], SIM [36], DIM [60], VNIM [55], and VMIM [55],
to generate adversarial samples under I, for training our SSEAT
model and further evaluate the robustness against the attacks. The
perturbation amplitude of all attacks is set to € = 8/255 and the
attack step size to @ = 2/255. In our experiments, we conduct four
different attack orders for the CDS task: (1) Order-I: FGSM, PGD,
SIM, DIM, VNIM; (2) Order-II: BIM, RFGSM, MIM, NIM, VMIM; (3)
Order-III: MIM, PGD, FGSM, SIM, BIM; (4) Order-IV: FGSM, BIM,
PGD, RFGSM, NIM, SIM, DIM. We designed experiments involving

Anonymous Authors

Table 1: Comparing results of our SSEAT method with other
adversarial training competitors under CDS task Order-I, in-
cluding classification accuracy against attacks and standard
accuracy on clean samples.

Method FGSM PGD SIM DIM VNIM |Clean
PGD-AT[40] | 71.61 78.04 60.56 70.38 69.46 | 83.01
TRADES[63] | 58.57 69.32 63.75 71.03 62.17 | 62.41

MART [56] 67.33 70.78 68.09 53.24 69.21 | 71.55
AWP [59] 49.99 68.75 59.93 70.74 44.88 | 79.67
RNA [12] 57.25 63.54 72.02 64.93 70.15 | 77.65

LBGAT [10] | 65.35 73.19 7554 68.38 72.37 |83.22

Baseline (CAD) | 68.21 7249 73.12 71.18 73.35 | 60.52
SSEAT (Ours) | 74.86 78.35 76.79 74.10 77.92 | 81.92

multiple attacks within a single stage. The sequence of attacks
includes FGSM, BIM, PGD, RFGSM, NIM, SIM, partitioned based
on encountering one, two, or three adversarial attacks per stage for
training.

Implementation Details. We summarize the training procedure
of our SSEAT framework in Alg. 1. The model uses resnet18 [20] as
the classification network structure. We implement Torchattacks
[25] to generate 100 adversarial images per category for each ad-
versarial attack strategy, for a total of 1000 images. On the CIFAR10
dataset, before training, each image is resized to 32x32 pixels, and
underwent data augmentation, which included horizontal flipping
and random cropping. For the training hyperparameters of experi-
ments, we use a batch size of 8, the epoch for training clean samples
is set to 40, and the epoch for training adversarial samples is set to
20. We train the model using the SGD optimizer with momentum
0.9 and weight decay 5 x 10™%. In addition, we set the memory
buffer size to 1000.

Competitors. We compare our SSEAT method with several ad-
versarial training works, such as the PGD-AT [40], TRADES[63],
MART[56], AWP [59], RNA [12], and LBGAT [10].

Evaluation Metrics. To comprehensively assess the model’s per-
formance in both robustness and classification within the CDS task,
we employ two indicators: (1) The model’s classification accuracy
across all kinds of adversarial examples after completing all adver-
sarial training stages, which is more practical and differs from the
‘classification accuracy against each attack after every adaptation
step’ [54]; (2) The model’s classification accuracy on the original
clean data after completing all adversarial training stages.

4.2 Experimental Results

We have conducted extensive experiments over the CIFAR-10 dataset
with various attack orders in the CDS task, compared to several
competitors and baseline. All attack results are reported under the
black-box condition.

For the CDS task, our SSEAT model can achieve the best
robustness against ongoing generated new adversarial exam-
ples. To better evaluate our SSEAT model under the CDS task, we
generate 10 kinds of attacks and organize them as three different
sets of adversarial sample sequences. We report model robustness
over various attack orders compared to several competitors. As
shown in Tab. 1, Tab. 2, and Tab. 3, our SSEAT method can beat
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Table 2: Comparing results of our SSEAT method with other
adversarial training competitors under CDS task Order-II, in-
cluding classification accuracy against attacks and standard
accuracy on clean samples.

Method BIM RFGSM MIM NIM VMIM |Clean
PGD-AT[40] |71.63 69.04 72.87 63.90 67.55 | 83.01
TRADES[63] |70.26 68.84 62.49 59.37 67.92 | 62.41
MART [56] 68.78 53.68 70.84 69.47 63.25 | 71.55

AWP [59] 43.78 55.24 63.20 54.89 67.84 | 79.67
RNA [12] 67.51 70.55 6852 69.56 58.26 | 77.65
LBGAT [10] |76.19 69.24 7477 73.79 71.46 |83.22
Baseline (CAD) | 72.87 73.40 72.85 71.46 72.71 | 64.43
SSEAT (Ours) |76.77 77.01 77.48 76.62 75.51 | 82.79

Table 3: Comparing results of our SSEAT method with other
adversarial training competitors under CDS task Order-III,
including classification accuracy against attacks and stan-
dard accuracy on clean samples.

Method MIM PGD FGSM SIM BIM |Clean
PGD-AT[40] |72.87 78.04 71.63 60.56 71.61 | 83.01
TRADES[63] | 62.49 69.32 58.57 63.75 70.26 | 62.41
MART [56] 70.84 70.78 67.33 68.09 68.78 | 71.55

AWP [59] 63.20 68.75 67.33 59.93 43.78 | 79.67
RNA [12] 68.52 63.54 57.25 72.02 67.51 | 77.65
LBGAT [10] |74.77 73.19 6535 75.54 76.19 | 83.22
Baseline (CAD) | 71.73 73.67 7038 69.52 72.67 | 63.39
SSEAT (Ours) |75.73 76.77 73.69 76.43 77.12| 82.83

all adversarial training competitors for all adversarial examples,
which demonstrate the efficacy of SSEAR framework to tackle the
continuous new attacks under black-box condition.

For the CDS task, our SSEAT model can maintain competi-
tive classification accuracy over the clean data. For real-life
applications, in addition to continuously improving the defense
performance against new attack methods, the model also needs
to have good recognition effects on clean samples. Thus, we re-
port the classification accuracy over original data in Tab. 1, Tab. 2,
and Tab. 3. The results show our SSEAT method not only achieves
strong robustness under complex changes, but also has good perfor-
mance on the original task. Achieving a balanced trade-off between
robustness and accuracy greatly enhances the practicality of the
adversarial training strategy in real scenarios.

4.3 Ablation Study

To verify the role of each module in our SSEAT, we conducted exten-
sive ablation studies on the following variants: (1) ‘Baseline (CAD):
conduct the experiments over the continue learning pipeline; (2)
‘+KD’: based on ‘Baseline’, add the knowledge distillation to shorten
the distance between the defense current model and the clean model;
(3) ‘+CRS’: based on ‘Baseline", add the CRS module for adversarial
training under all stages; (4) ‘+Random DR’: based on the "base-
line", after each stage of training, a certain number of samples are

ACM MM, 2024, Melbourne, Australia

Table 4: Results obtained from several variants of our SSEAT
model.

Method FGSM BIM PGD RFGSM NIM |Clean
Baseline (CAD) 65.71 7258 71.80 72.84 71.16]|63.30
+KD 67.49 69.13 70.15 69.60 67.54|79.22
+CRS 70.78 73.97 73.89 73.20 71.96 | 80.22

+ Random DR 72.02 75.16 7536 75.14 73.73|81.35
+ADR 72.58 75.81 75.60 75.23 74.31|81.97

+ADR+CRS (Simple)| 73.90 75.93 7538 77.03 75.65 | 82.84
+ADR+CRS (Ours) | 74.47 76.53 76.97 77.66 76.13|82.92

920 T T T T T T

—=&— Clean

—+— FGSM |
BIM

65 | ——PGD
RFGSM

—— 1\:'IM

50 1 1 1 1 1
0 1 2 3

-
o
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Figure 3: Robustness accuracy of SSEAT model per training
stage on CIFAR-10 for each attack method and clean samples.

randomly selected and placed into the memory buffer for data re-
ply; (5) “+ADR’: based on the "baseline", add ADR for selecting key
rehearsal data into the memory buffer; (6) ’+ADR+CRS (Simple)’:
based on the ‘baseline”, ADR and CRS are added directly for model
training, and CRS is used for all data during the training process;
(7)’+ADR+CRS (Ours)’: based on the ‘baseline”, add ADR and CRS
for model learning with different training strategies (During the
training process, the memory part is separated from the current
data, and CRS is only used in the memory part). This is the overall
framework of our SSEAT model.

The efficacy of each component in the SSEAT method. As
shown in Tab. 4, by comparing the results of different variants, we
notice the following observations, (1) ‘Baseline (CAD)’ based on
the basic continue learning pipeline, can only realize learning from
continuous attacks, however, the performance on clean samples is
too poor to meet the actual application scenarios; (2) Comparing
the results between ‘+Baseline (CAD)’ and ‘+KD’, we can notice
the classification accuracy over the clean samples can be obviously
improved; (3) Comparing the results between ‘+KD’ and ‘+CRS’,
obviously, CRS is more suitable for the scenario of continuous adver-
sarial samples. CRS can better handle the trade-off between model
robustness and accuracy; (4) Comparing ‘Baseline’ and ‘+Random
DR’, the results prove the effectiveness of the knowledge replay
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Table 5: Comparing results of our SSEAT method with other adversarial training competitors under CDS task Order-1V, including
classification accuracy against attacks and standard accuracy on clean samples.

Method FGSM BIM PGD RFGSM NIM SIM DIM Clean
PGD-AT[40] 71.61 71.63 78.04 69.04 63.90 60.56 70.38 83.01
TRADES[63] 58.57 70.26 69.32 68.84 59.37 63.75 71.03 62.41

MART [56] 67.33 68.78 70.78 53.68 69.47 68.09 67.25 71.55
AWP [59] 49.99 43.78 68.75 55.24 54.89 59.93 53.24 79.67
RNA [12] 57.25 67.51 63.54 70.55 69.56 72.02 64.93 77.65

LBGAT [10] 65.35 76.19 73.19 69.24 73.79 75.54 68.38 83.22

Baseline (CAD) 63.84 72.28 73.15 72.39 70.81 72.29 71.65 60.78
SSEAT (Ours) 72.78 76.46 76.27 76.10 74.67 75.87 75.30 81.74

Table 6: Comparing results of our SSEAT method with other
adversarial training competitors under CDS task distributed
Order-1, including classification accuracy against attacks and
standard accuracy on clean samples.

Method SIM DIM PGD VNIM FGSM |Clean
PGD-AT[40] | 60.56 70.38 78.04 69.46 71.61 | 83.01
TRADES[63] | 63.75 71.03 69.32 62.17 58.57 | 62.41
MART [56] 68.09 53.24 70.78 69.21 67.33 | 71.55

AWP [59] 59.93 70.74 68.75 44.88 49.99 | 79.67
RNA [12] 72.02 6493 63.54 70.15 57.25 | 77.65
LBGAT [10] 75.54 68.38 73.19 7237 65.35 | 83.22
Baseline (CAD) | 71.18 69.69 72.55 72.65 69.59 | 65.10
SSEAT (Ours) |75.72 72.72 76.74 74.04 73.98 | 82.46

Table 7: The results of our SSEAT with multiple attacks in
one training stage. ‘Number’, the first column in the table,
represents the number of attack algorithms used in adver-
sarial training in each stage.

attack |[FGSM BIM PGD RFGSM NIM SIM |clean
Number =1 72.78 76.06 76.27 76.10 74.67 74.37|81.74
Number=2 | 73.62 76.11 76.76 76.42 74.54 74.74|82.75
Number=3 | 73.72 76.66 76.88 76.48 74.65 74.44|83.47

strategy in the scenario of complex and diverse adversarial exam-
ples. Keeping some past data in memory can alleviate the model’s
loss of defensive performance against past adversarial examples; (5)
Comparing the ‘+Random DR’ and ‘+ADR’, such results illustrate
that our sampling strategy is effective, and can select represen-
tative and diverse samples at each training stage; (6) Comparing
the ‘+CRS’, “+ADR’, and ‘+ADR+CRS (Simple)’, the results demon-
strate the ADR and CRS modules can complement each other on
both classification accuracy and defense robustness; (7) Comparing
‘+ADR+CRS (Simple)’ and ‘+ADR+CRS (Ours)’, the results show
our SSEAT model can achieve the best performance. The reason is
that the model of the previous stage has knowledge of the data in
memory, but does not have knowledge of the data in the current
stage. If you move the model’s output closer to it on the current
data, it is likely to have a counterproductive effect and mislead
the update of the current model; if you move the model’s output
closer to it on the memory data, it will guide the model to retain

the knowledge of past samples. (8) As shown in Fig. 3, as training is
completed, our SSEAT model can achieve a gradual improvement
in defense performance and maintain classification accuracy.

Our SSEAT model can be adapted to more challenging CDS
tasks. (1) Considering the complexity of real-world application
scenarios, we extended the attack sequence to be longer. As shown
in Tab. 5, thanks to the proposed data replay module and knowl-
edge distillation strategy for alleviating the problem of catastrophic
forgetting, our SSEAT model still shows the best defense and clas-
sification ability. (2) Additionally, we intentionally disrupted the
original attack sequence to further validate the effectiveness of our
method. As shown in Tab. 6, we show the results under re-ordering
the attack sequence for Order-I in the CDS task, the defense perfor-
mance still does not fluctuate excessively, which fully demonstrates
that the SSEAT method can defend against a variety of adversarial
samples. (3) Furthermore, to be more realistic, we designed a differ-
ent setting in which the types of attack examples in each stage are
not unique. As shown in Tab. 7, in the three stages of training with
different numbers of types of attack samples, the model trained by
our method maintains excellent accuracy on adversarial samples
and clean samples. The results fully prove the versatility of our
method and will not be affected by too many constraints. Overall,
the biggest difference from other competitors is that our method
model has the ability to evolve independently and can continue to
learn and defend against more adversarial attacks. Our approach is
able to adapt to complex and diverse attack samples and achieve
broad and general model robustness.

5 CONCLUSION

To realize the adaptive defense ability of deep models with adver-
sarial training when facing the continuously generated diverse
new adversarial samples, we proposed a novel and task-driven
Sustainable Self-evolution Adversarial Training (SSEAT) method.
Inspired by the continue learning, the SSEAT framework can con-
tinuously learn new kinds of adversarial examples in each training
stage, and realize the consolidation of old knowledge through the
data rehearsal strategy of high-quality data selection. At the same
time, a knowledge distillation strategy is used to further maintain
model classification accuracy on clean samples. We have verified
the SSEAT model efficacy over multiple continue defense setting
orders, and the ablation experiments show the effectiveness of the
components in the SSEAT method.

871

873

874

876
877

879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927

928



Sustainable Self-evolution Adversarial Training ACM MM, 2024, Melbourne, Australia

929 REFERENCES [24] Guillaume Jeanneret, Loic Simon, and Frédéric Jurie. 2023. Adversarial counterfac- 987

930 [1] Maksym Andriushchenko, Francesco Croce, Nicolas Flammarion, and Matthias tu_al. visual explanations. Ir_l P roceedings of the IEEE/CVF Conference on Computer 988

031 Hein. 2020. Square attack: a query-efficient black-box adversarial attack via Vm‘?" gnd Pattern Recognition. 16425-16435. X i § 989
random search. In European conference on computer vision. Springer, 484-501. [25] Hoki Klm. 2920. Torchattacks: A pytorch repository for adversarial attacks. arXiv

932 Ali Ayub and Alan R Wagner. 2023. Cbcl-pr: A cognitively inspired model preprint ngzv:2010.01950 (2020). . 990

933 for class-incremental learning in robotics. IEEE Transactions on Cognitive and [26] Junho Kim, Byung-K'wan Lee, and Yong Man ,RO‘ 2023,' Demystifying causal 991
Developmental Systems (2023) features on adversarial examples and causal inoculation for robust network

934 . S 1 B . . 992

[3] Jihwan Bang, Heesu Kim, YoungJoon Yoo, Jung-Woo Ha, and Jonghyun Choi. by adversarial mstrument;.a.l.varlable regression. I@ Proceedtngs of the IEEE/CVF

935 2021. Rainbow memory: Continual learning with a memory of diverse samples. In Conference on Computer Vision and Pattern Recognition. 12302-12312. 993

936 Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. [27] SanSh‘f"an Kim, Lorer.leo Noci, Aptomo Orvle_to, an_d. Thomas Hofmann. _2023' 994
8218-8227. Achieving a better stability-plasticity trade-off via auxiliary networks in continual

937 ] Nicholas Carlini and David Wagner. 2017. Towards evaluating the robustness of learning. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern 995

938 neural networks. In 2017 ieee symposium on security and privacy (sp). leee, 39-57. Recognit{'on. 11?30_1 1939. X X X X 996

030 Bin Chen, Jiali Yin, Shukai Chen, Bohao Chen, and Ximeng Liu. 2023. An adaptive [28] James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, Joel Veness, Guillaume 097
model ensemble adversarial attack for boosting adversarial transferability. In Desjardins, An(_irel A Rusu, Kieran Milan, ]c_)hn Quan, Tlago Ramalho, A_ngSZka

940 Proceedings of the IEEE/CVF International Conference on Computer Vision. 4489— Grabska-Barwinska, et al. 2017. Overcoming catastrophic forgetting in neural 998

941 4498. networks. Proceedings of the national academy of sciences 114, 13 (2017), 3521~ 999

012 Fangyi Chen, Han Zhang, Kai Hu, Yu-kai Huang, Chenchen Zhu, and Marios 3526. . i i . 1000
Savvides. 2023. Enhanced training of query-based object detection via selective [29] Alex Krlzhgvsky, Geoffrey Hinton, et al. 2009. Learning multiple layers of features

943 query recollection. In Proceedings of the IEEE/CVF Conference on Computer Vision from tiny Images. (2009). . . . 1001

0us and Pattern Recognition. 23756~23765. [30] f\lexe'y Kuraklil, IanX(.}oodfell_ow, a}r;i jSamy Bengio. 2016. Adversarial machine 1002
Jinghui Chen, Yuan Cao, and Quanquan Gu. 2023. Benign overfitting in adver- earning at scale. arAiv preprint arXiv:1611.01236 (2016)' X

45 sarially robust linear classification. In Uncertainty in Artificial Intelligence. PMLR, (31] Alexey Kurakin, lan J Goodfe}loyv, gnd Samy Bengio. 2018. Ad\ﬁersarlal examples 1003

046 313-323. in the physical world. In Artificial intelligence safety and security. Chapman and 1004

047 Frangois Chollet. 2017. Xception: Deep learning with depthwise separable con- Hall/?RC, 99'7112' . . i 1005
volutions. In Proceedings of the IEEE conference on computer vision and pattern (32] Ijm Llla'fd Michael Spratling. 2023. U“de“tandmg ar?d combating robust. 9verﬁt-

948 recognition. 1251-1258. ting via input loss landscape analysis and regularization. Pattern Recognition 136 1006

949 ] Aristotelis Chrysakis and Marie-Francine Moens. 2020. Online continual learning (292?)’ ‘109'229' X i L i 1007
from imbalanced data. In International Conference on Machine Learning. PMLR, (33] Xilai Li, Yingbo Zhou,A Tianfu Wu, Rmhard Socher, and Caiming ang‘ 2019.

950 1952-1961. Learn to grow: A continual structure learning framework for overcoming cat- 1008

951 [10] Jiequan Cui, Shu Liu, Liwei Wang, and Jiaya Jia. 2021. Learnable boundary guided astrophic forgetting. In International conference on machine learning. PMLR, 1009

952 adversarial training. In Proceedings of the IEEE/CVF international conference on 392573?34' 1010
computer vision. 1572115730 [34] Yanxi Li and Chang Xu. 2023. Trade-off between robustness and accuracy of

953 Pau de Jorge Aranda, Adel Bibi, Riccardo Volpi, Amartya Sanyal, Philip Torr vision transformers. In Proceedings of the IEEE/CVF Conference on Computer Vision 1011

954 Grégory Rogez, and Puneet Dokania. 2022. Make some noise: Reliable and effi- anaf’ Pa?tefn Recognition. 7558-7568. X . 1012

955 cient single-step adversarial training. Advances in Neural Information Processing [35] Huiwei Lin, Baoquan Zhaflg, Shanshan Fepg, Xutag Li, and Yunmlr}g Ye. 2023. 1013
Systems 35 (2022), 12881-12893, PCR: Proxy-based contrastive replay for online class-incremental continual learn-

956 Minjing Dong, Xinghao Chen, Yunhe Wang, and Chang Xu. 2022. Random nor- ing. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern 1014

957 malization aggregation for adversarial defense. Advances in Neural Information Recogmtzo_n 2424672%255‘ L 1015
Processing Systems 35 (2022), 33676-33688. [36] Jiadong Lin, Chuanbiao Song, Kun He, Liwei Wang, and John E Hopcroft. 2019.

958 Yinpeng Dong, Fangzhou Liao Tianyu Pang, Hang Su, Jun Zhu, Xiaolin Hu, and Nesterov accelerated gradient and scale invariance for adversarial attacks. arXiv 1016

959 Jianguo Li. 2018. Boosting adversarial attacks with momentum. In Proceedings of preprint arXiv:1908.06281(2019). . 1017

960 the IEEE conference on computer vision and pattern recognition. 9185-9193. [37] Yanxin Long, YOL‘Peng Wenj Jianhua Han, Hang le’ ?engzhen Ren, welA Zhang, 1018
Sergio Escalera, Hugo Jair Escalante, Zhen Lei, Hao Fang, Ajian Liu, and Jun Wan. Shen Zhao, and Xl'aodan ngn'gA 2023. Cap dgt. Unifying dense captioning and

961 2023. Surveillance Face Presentation Attack Detection Challenge. In Proceedings open-world .dgtectlon pretraining. Ir_‘ P roceedings of the IEEE/CVF Conference on 1019

962 of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 6360~ Computer Vléthn and Pattern Recognition. 15,2,33_15243‘ 1020
6370 [38] Dong Lu, Zhigiang Wang, Teng Wang, Weili Guan, Hongchang Gao, and Feng

963 . 5 . 5 5 13 1021
Meiling Fang, Marco Huber, and Naser Damer. 2023. Synthaspoof: Developing Zhgng. 2023. Set-level ggldance attack: Boostllng adversarial transferablht}y of

964 face presentation attack detection based on privacy-friendly synthetic data. In vision-language pre—trammg models. In Proceedings of the IEEE/CVF International 1022

965 Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. Conference on Compufer Vision. 102-111. L i i i 1023
1061-1070. [39] Chunchuan Lyu, Kaizhu Huang, and Hai-Ning Liang. 2015. A unified gradi-

966 Weiwei Feng, Nanging Xu, Tianzhu Zhang, and Yongdong Zhang, 2023. Dynamic ent regularization family for adversarial examples. In 2015 IEEE international 1024

967 generative targeted attacks with pattern injection. In Proceedings of the IEEE/CVF conference on data mining. IEEE, 301-309. . . T 1025

068 Conference on Computer Vision and Pattern Recognition. 16404-16414. [40] Alelfsander Madry, Aleksandar Makeloy, Ludwig Schmldt, Dimitris TS}pras, and 1026
Turi Frosio and Jan Kautz. 2023. The best defense is a good offense: Adver- Adrian Vladu. 2017. Towards deep learning models resistant to adversarial attacks.

969 sarial augmentation against adversarial attacks. In Proceedings of the IEEE/CVF aervp reprint arXiv:1706.06083 (2017). X . 1027

970 Conference on Computer Vision and Pattern Recognition. 4067-4076. [41] Thibault Maho, SeyedTMohsen MoosaVkDezfool;, and Teddy Furon. 2023. How 1028

071 Yunhao Ge, Yuecheng Li, Shuo Ni, Jiaping Zhao, Ming-Hsuan Yang, and Laurent }otchoolie yolurcbe]sct allies foré transtferalll)}g atticslz‘z'gl 5PS r;)ceedmgs of the IEEE/CVF 1029
Itti. 2023. CLR: Channel-wise Lightweight Reprogramming for Continual Learn- niernationat L-onjerence on om;'m er vision. C .

72 ing. In Proceedings of the IEEE/CVF International Conference on Computer Vision. [42] Xing Nie, Shixiong Xu, Xiyan Liu, Gaofeng Meng, Chunlei Huo, and Shiming 1030

073 18798-18808. Xiang. 2023. Bilateral memory consolidation for continual learning. In Proceedings 1031

s Ian J Goodfellow, Jonathon Shlens, and Christian Szegedy. 2014. Explaining and of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 16026 Lo
harnessing adversarial examples. arXiv preprint arXiv:1412.6572 (2014). 1(?035‘ o . . ’

975 ] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. 2016. Deep residual [43] Tianyu Pang, Min Lin, Xiao Yang, Jun Zhu, and Shulcher}g' Yan. 2022. Robust— 1033
learning for image recognition. In Proceedings of the IEEE conference on computer ness and accuracy could be reconcilable by (proper) definition. In International .

976 8 8 j 8. p . ; 1034
vision and pattern recognition. 770-778. Conference on Machine Learning. PMLR, 17258-17277.

977 Chih-Hui Ho and Nuno Vasconcelos. 2022. DISCO: Adversarial defense with [44] Nicolas Papernot, Patrick McDaniel, and Ian Goodfellow. 2016. Transferability 1035

978 local implicit functions. Advances in Neural Information Processing Systems 35 in machine leAarnlng:‘ from Phenomena to black-box attacks using adversarial 1036
(2022), 23818-23837 samples. arXiv preprint arXiv:1605.07277 (2016).

9 3 - .
979 Bo Huang, Mingyang Chen, Yi Wang, Junda Lu, Minhao Cheng, and Wei Wang. [45] Nicolas Papernot, Patrick McDaniel, Ian Goodfellow, Somesh Jha, Z Berkay 1037
980 2023. Boosting accuracy and robustness of student models via adaptive adversarial Cehkz and Ananthra{n Swami. 2017. Practical bla(_tkfbox attacks against machine 1038
981 distillation. In Proceedings of the IEEE/CVF Conference on Computer Vision and learnmg.‘ In APraceedm'gs of the 2017 ACM on Asia conference on computer and 1039
982 Pattern Recognition. 24668-24677. Cqmmumcatwns Securfty. 506751.9. ) ) oo

] Ching-Yi Hung, Cheng-Hao Tu, Cheng-En Wu, Chien-Hung Chen, Yi-Ming Chan, [46] Nicolas Papernot, Patrlc}( McDaniel, S9meshjha, Matt Fredrlkst?n, Z Berkay Cel'lk,
983 and Chu-Song Chen. 2019. Compacting, picking and growing for unforgetting and Ananthram Swami. 2016. The limitations of deep learning in adversarial 1041
984 continual learning. Advances in neural information processing systems 32 (2019). IS}?ZgllinisﬁlnSggM IEEE European symposium on security and privacy (EuroS&F). 1042
985 1043
986 1044



1045
1046
1047
1048
1049
1050

1051

1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

ACM MM, 2024, Melbourne, Australia

[47]

[48

[49]

[50]

(51

[52

[53

[54]

[55

[57]

Md Farhamdur Reza, Ali Rahmati, Tianfu Wu, and Huaiyu Dai. 2023. CGBA:
Curvature-aware geometric black-box attack. In Proceedings of the IEEE/CVF
International Conference on Computer Vision. 124-133.

Chawin Sitawarin, Supriyo Chakraborty, and David Wagner. 2021. Sat: Improving
adversarial training via curriculum-based loss smoothing. In Proceedings of the
14th ACM Workshop on Artificial Intelligence and Security. 25-36.

Zhenbo Song, Zhenyuan Zhang, Kaihao Zhang, Wenhan Luo, Zhaoxin Fan,
Wengi Ren, and Jianfeng Lu. 2023. Robust single image reflection removal against
adversarial attacks. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. 24688—24698.

Qing Sun, Fan Lyu, Fanhua Shang, Wei Feng, and Liang Wan. 2022. Exploring ex-
ample influence in continual learning. Advances in Neural Information Processing
Systems 35 (2022), 27075-27086.

Satoshi Suzuki, Shin’ya Yamaguchi, Shoichiro Takeda, Sekitoshi Kanai, Naoki
Makishima, Atsushi Ando, and Ryo Masumura. 2023. Adversarial Finetuning
with Latent Representation Constraint to Mitigate Accuracy-Robustness Tradeoff.
In 2023 IEEE/CVF International Conference on Computer Vision (ICCV). IEEE, 4367—
4378.

Yunbo Tao, Daizong Liu, Pan Zhou, Yulai Xie, Wei Du, and Wei Hu. 2023. 3dhacker:
Spectrum-based decision boundary generation for hard-label 3d point cloud
attack. In Proceedings of the IEEE/CVF International Conference on Computer
Vision. 14340-14350.

Florian Tramér, Alexey Kurakin, Nicolas Papernot, Ian Goodfellow, Dan Boneh,
and Patrick McDaniel. 2017. Ensemble adversarial training: Attacks and defenses.
arXiv preprint arXiv:1705.07204 (2017).

Qian Wang, Yaoyao Liu, Hefei Ling, Yingwei Li, Qihao Liu, Ping Li, Jiazhong
Chen, Alan Yuille, and Ning Yu. 2023. Continual Adversarial Defense. arXiv
preprint arXiv:2312.09481 (2023).

Xiaosen Wang and Kun He. 2021. Enhancing the transferability of adversarial
attacks through variance tuning. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition. 1924-1933.

Yisen Wang, Difan Zou, Jinfeng Yi, James Bailey, Xingjun Ma, and Quanquan Gu.
2019. Improving adversarial robustness requires revisiting misclassified examples.
In International conference on learning representations.

Zekai Wang, Tianyu Pang, Chao Du, Min Lin, Weiwei Liu, and Shuicheng Yan.
2023. Better diffusion models further improve adversarial training. In International

[58

[59

[60

[61

[62

[63

(64

[66

[67

(68

]

]

]

]

]

Anonymous Authors

Conference on Machine Learning. PMLR, 36246-36263.

Yujie Wei, Jiaxin Ye, Zhizhong Huang, Junping Zhang, and Hongming Shan. 2023.
Online prototype learning for online continual learning. In Proceedings of the
IEEE/CVF International Conference on Computer Vision. 18764-18774.

Dongxian Wu, Shu-Tao Xia, and Yisen Wang. 2020. Adversarial weight pertur-
bation helps robust generalization. Advances in neural information processing
systems 33 (2020), 2958-2969.

Weibin Wu, Yuxin Su, Michael R Lyu, and Irwin King. 2021. Improving the trans-
ferability of adversarial samples with adversarial transformations. In Proceedings
of the IEEE/CVF conference on computer vision and pattern recognition. 9024-9033.
Elad Ben Zaken, Shauli Ravfogel, and Yoav Goldberg. 2021. Bitfit: Simple
parameter-efficient fine-tuning for transformer-based masked language-models.
arXiv preprint arXiv:2106.10199 (2021).

Hao Zhang, Feng Li, Huaizhe Xu, Shijia Huang, Shilong Liu, Lionel M Ni, and Lei
Zhang. 2023. Mp-former: Mask-piloted transformer for image segmentation. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition.
18074-18083.

Hongyang Zhang, Yaodong Yu, Jiantao Jiao, Eric Xing, Laurent El Ghaoui, and
Michael Jordan. 2019. Theoretically principled trade-off between robustness and
accuracy. In International conference on machine learning. PMLR, 7472-7482.
Jingfeng Zhang, Xilie Xu, Bo Han, Gang Niu, Lizhen Cui, Masashi Sugiyama, and
Mohan Kankanhalli. 2020. Attacks which do not kill training make adversarial
learning stronger. In International conference on machine learning. PMLR, 11278—
11287.

Xiangyu Zhang, Xinyu Zhou, Mengxiao Lin, and Jian Sun. 2018. Shufflenet: An ex-
tremely efficient convolutional neural network for mobile devices. In Proceedings
of the IEEE conference on computer vision and pattern recognition. 6848—6856.
Mengnan Zhao, Lihe Zhang, Yugiu Kong, and Baocai Yin. 2023. Fast Adversarial
Training with Smooth Convergence. In Proceedings of the IEEE/CVF International
Conference on Computer Vision. 4720-4729.

Kaijie Zhu, Xixu Hu, Jindong Wang, Xing Xie, and Ge Yang. 2023. Improving
generalization of adversarial training via robust critical fine-tuning. In Proceedings
of the IEEE/CVF International Conference on Computer Vision. 4424-4434.
Haomin Zhuang, Yihua Zhang, and Sijia Liu. 2023. A pilot study of query-
free adversarial attack against stable diffusion. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 2384-2391.

1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159

1160



	Abstract
	1 Introduction
	2 RELATED WORK
	2.1 Adversarial Attacks
	2.2 Adversarial Training
	2.3 Contiune Learning

	3 Methodology
	3.1 Task Defination and Framework Overview
	3.2 Continual Adversarial Defense
	3.3 Adversarial Data Reply
	3.4 Consistency Regularization Strategy

	4 Experimental
	4.1 Experimental Settings
	4.2 Experimental Results
	4.3 Ablation Study

	5 Conclusion
	References

