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Abstract

In the context of Continual Semantic Segmentation (CSS),
replay-based methods tend to achieve better performance
than knowledge distillation-based ones, as the former uti-
lizes additional data to transfer old knowledge. However,
this advantage is at the cost of necessitating additional space
for storing the generative model and extra time for con-
tinual training. To address this predicament, we propose
a novel CSS framework, namely Adversarial Attack-based
Knowledge Retention (AAKR). The AKKR framework gen-
erates specific adversarial samples by adding images, and
uses them to retain old knowledge. Specifically, we leverage
adversarial attacks to generate adversarial images for incre-
mental samples. By imposing additional constraints within
these attacks, we enhance the transfer of old knowledge,
thereby reinforcing the understanding of previously learned
information. Furthermore, we design an attack probability
module that adjusts adversarial attack directions based on
training feedback. This module effectively encourages the
new model to learn old knowledge from poorly protected
classes, significantly improving knowledge transfer effective-
ness. Our comprehensive experiments demonstrate the effi-
cacy of AAKR, and showcase that AAKR surpasses state-of-
the-art competitors on benchmark datasets.

Introduction

Semantic segmentation is a fundamental task in computer
vision. With the continuous advancement of deep learn-
ing, sophisticated models have exhibited exceptional pro-
ficiency in this task. However, these deep learning models
face a significant challenge known as catastrophic forget-
ting within the realm of Continual Semantic Segmentation
(CSS) (Michieli and Zanuttigh 2019). Catastrophic forget-
ting refers to the susceptibility of neural networks to rapidly
overwrite their prior knowledge when learning new classes.
As the model accommodates new categories, the risk of eras-
ing previously learned ones increases, which adversely af-
fects the overall performance.

Existing approaches usually use two strategies to solve
catastrophic forgetting: knowledge distillation-based and
replay-based. The former (Cermelli et al. 2020; Douillard
et al. 2021; Phan et al. 2022; Michieli and Zanuttigh 2021;
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Figure 1: Relationship between performance decay and the
proportions of class occurrences and logical values of added
images.

Cha et al. 2021; Zhang et al. 2022) aims to distill knowledge
from the old model into a new one. In contrast, the latter
(Maracani et al. 2021; Zhu et al. 2023) relies on retaining
past data or generating relevant data to prevent forgetting.
The latter tends to yield better results, especially in longer
learning steps. However, additional space is required to save
the generative model as well as additional time to learn the
generated and added images together.

To circumvent these limitations, we conduct an in-depth
study. As shown in Fig. 1, during incremental training, the
performance decay of each old class correlates with both the
frequency of its pseudo-label appearances in the added sam-
ples and its predicted values from the old model trained by
PLOP (Douillard et al. 2021). The old class appearing more
frequently in the added samples exhibits improved knowl-
edge transfer. Therefore, we can enhance their knowledge
transfer by boosting the predictions of old models on old
classes with much degraded performance. Based on this,
we introduce a new CSS method: Adversarial Attack-based
Knowledge Retention (AAKR). AAKR employs adversarial
attacks to perturb added samples in a finite number of steps,
enhancing old classes that are prone to forgetting. This tar-
geted knowledge retention at a minimal cost leads to signif-



icant performance improvements.

AAKR includes an attack probability module that cal-
culates the percentage of attack targets based on continual
training feedback. Due to the limited inclusion of old classes
in the added samples, accurately reflecting the extent of for-
getfulness for each class is challenging. This module ini-
tially constructs test samples on the added data through un-
targeted attacks and calculates the forgetfulness degree for
each class based on predictions from both old and new mod-
els. Using these results, it determines the proportion of each
class in the attack target. Higher forgetfulness corresponds
to greater importance for knowledge retention, requiring a
higher proportion to induce the old model to predict the
class. Ultimately, the attack goal label is computed from the
proportions of each class.

Extensive experiments conducted on the benchmark
dataset demonstrate that AAKR not only surpasses
distillation-based approaches but also achieves superior re-
sults compared to replay-based methods, without a substan-
tial increase in computational and storage requirements.

Our main contributions can be summarized as follows:

* We present AAKR, an approach that strategically em-
ploys adversarial attacks to enhance the protection of old
knowledge in forgettable categories.

We implement an attack probability module that con-
structs attack targets using continual training feedback to
improve knowledge transfer effectiveness.

Extensive experiments show that AAKR performs bet-
ter than state-of-the-art methods with minimal compu-
tational cost, eliminating the need for external memory
storage.

Related Work
Continual Learning

There are gradually increasing concerns about continual
learning. Previous works are divided into three main cat-
egories: replay-based, regularization-based, and parameter
isolation-based. Replay-based methods (Rebuffi et al. 2017;
Castro et al. 2018; Wu et al. 2018; Hou et al. 2019; Iscen
et al. 2020; Meng et al. 2025) select or generate examples of
previous tasks in some way. Then, the model employs these
examples along with the new data to learn the new classes.
Regularization-based methods (Zenke, Poole, and Ganguli
2017; Dhar et al. 2019; He et al. 2020; Kanakis et al. 2020;
Douillard et al. 2020; Kang, Park, and Han 2022) in con-
tinual learning aim to preserve knowledge by introducing
additional loss terms with regularization constraints to con-
trol parameter variations. Parameter isolation-based meth-
ods (Mallya, Davis, and Lazebnik 2018; Liu et al. 2020; Hu
et al. 2023) allocate an independent set of model parameters
to each task to prevent forgetting.

Continual Semantic Segmentation

Michieli et al. (Michieli and Zanuttigh 2019) first proposed
continual learning for semantic segmentation and put for-
ward a distillation-based framework to address the catas-
trophic forgetting. Subsequently, several distillation-based
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works (Cermelli et al. 2020; Douillard et al. 2021; Michieli
and Zanuttigh 2021; Yang et al. 2022; Phan et al. 2022; Xiao
et al. 2023; Cong et al. 2023; Goswami et al. 2023; Yuan,
Zhao, and Shi 2024; Park et al. 2025) are proposed. MiB
(Cermelli et al. 2020) models the background to address
the background shift problem. PLOP (Douillard et al. 2021)
proposes Local POD that preserves long and short-distance
spatial relationships at the feature level. SDR (Michieli and
Zanuttigh 2021) uses prototype matching and contrast learn-
ing to construct robust features. REMINDER (Phan et al.
2022) adjusts the distillation weights of each class based on
the similarity between objects. While MBS(Park et al. 2025)
proposes a background-class separation framework that dis-
tills only trustworthy past knowledge and separates between
the background and new classes.

In addition, the replay-based method (Maracani et al.
2021; Zhu et al. 2023) retains the seen classes using addi-
tional images. Maracani et al. (Maracani et al. 2021) use the
images generated by GAN or crawled from the Web to retain
the old knowledge. Afterwards, Zhu et al. (Zhu et al. 2023)
propose a reinforcement-based learning method for choos-
ing valuable past samples. Some other approaches (Cha et al.
2021; Zhang et al. 2022) achieve promising results with ad-
ditional models or structures. Toldo et al. (Toldo, Michieli,
and Zanuttigh 2024) put forward a new incremental learn-
ing setup, i.e., variable distributions in the input and labeling
space. In this paper, we propose an adversarial attack-based
approach that achieves better performance at a lower cost
compared to replay-based approaches.

Adversarial Attack

Adpversarial attacks are commonly used to generate images
that produce false predictions when these images are fed into
a model. Initially, Goodfellow et al. (Goodfellow, Shlens,
and Szegedy 2015) address the effect of adversarial attacks
on image classification by introducing a Fast Gradient Sym-
bol Method (FGSM). Subsequently, the Projective Gradient
Descent (PGD) (Madry et al. 2018) is proposed. As a multi-
step technique, PGD tailors adversarial instances to clas-
sification models. In semantic segmentation, the SegPGD
(Gu et al. 2022) can effectively utilize adversarial strate-
gies to distort the prediction results. CosPGD (Agnihotri
and Keuper 2023) exploits the cosine similarity between the
prediction and ground truth to realize dedicated attacks for
pixel predictions. Rony et al. (Rony, Pesquet, and Ben Ayed
2023) handle large numbers of constraints within a noncon-
vex minimization framework via an Augmented Lagrangian
approach. In this paper, we introduce a novel adversarial at-
tack that constructs attack goals based on knowledge transfer
during continual training, resulting in adversarial samples
that enhance knowledge transfer.

Methodology
Overview

Before formulating the framework, we first introduce some
related notations. The purpose of CSS is to train a segmenta-
tion model over 7' steps to incorporate new classes while re-
taining the knowledge of existing ones. We denote the class
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Figure 2: Overview of AAKR. At each batch, the added images are attacked to generate adversarial samples, which enables
M'~1 to generate predictions containing more old classes. Afterward, the clean and adversarial samples form a mini-batch at
the same time, which is optimized by L. and L4 for the model M*. The model M*~! in gray indicates being frozen.

learned at step ¢ as O, and C'***~! encompasses all encoun-
tered classes from step 1 to step ¢ — 1. At step ¢, we introduce
a dataset D, consisting of pairs (X', Y*), where X" repre-
sents an image with dimensions H x W, and Y? stands as
the corresponding label, exclusively containing the class C*
acquired in the present step. Conventionally, the segmenta-
tion model at step ¢ is denoted as M*. And, the pseudo-label

of all classes f(l:t are combined with Y’ and the pseudo-

label of old classes Yt outputted by M~ of X".

Fig. 2 illustrates the framework of AAKR, which initially
attacks the added images within each batch. The perturba-
tions incites the old model to generate additional informa-
tion about old classes for the adversarial images. This tar-
geted perturbation is an integral component of the attack
objective, as realized by our designed Y9°%, which signi-
fies the target for the attack. Following this, the adversarial
images are amalgamated with the original ones, creating a
mini-batch. Then, on this mini-batch, the model is optimized
by two different losses, i.e., the cross-entropy loss (L) and
the knowledge distillation loss (Lxg). Additionally, an at-
tack probability module is used to calculate the importance
of each class and assign sampling weights to each class.

Analysis for Retaining Knowledge

In general, the model M is updated through L., and L4
during the continual learning phase. The former facilitates
the incorporation of new classes learned by M while retain-
ing the knowledge from the addition of old classes through
new data. The formulation of L. is:

Z Ylt

XteD

(M*(X")) 4))

where M*(X") means the prediction maps of X"

The latter is utilized to ensure the retention of old knowl-
edge by aligning the predictive distribution of M with that
of M*~! for the same input data. The formulation of Ly is:

LS M XOlog(ME(XY) @)

Lig=—
Dt (£
€D,
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Through the optimization of these two losses, the model
becomes capable of achieving CSS on the added data. Next,
we use L. and L4 to analyze the effect of predictions of
the old model on the added data.

Firstly, considering L., its derivative is expressed as:

O0Lce . ‘e~ ?[c] aMt (Xt)[c]

00t Z Z M? Xt 00t

XteD, ¢

3
“ B ©

~1:t
where 6+ means the parameters of M t Y[C] denotes the c-

~ 1:t .

channel of Y, and M*(X")( is the c-channel of M*(X").

In Eq. (3), it is evident that within the cross-entropy loss,
~ 1:t
Y

. . . L. oLt

the parameters is proportional to its frequency within Y
As a result, older classes that are either absent from the la-
bel or occur infrequently exert diminished influence on 6.
Besides, these classes are more prone to being forgotten dur-
ing the process of learning new classes.

Similarly, for Ly, its derivative can be expressed as:

olit—1 . .
6£kd Mt X [c] aM( )
00,1t Z Z Mt Xt [] . 00y

XteD, ¢

is presented as a one-hot label. The impact of class c on

\Dt

It is important to note that M/*~*(X") remains constant,
as Mt~ is held fixed. According to Eq. (4), the influence
of class c¢ in the knowledge distillation loss during back-
propagation is proportional to the predicted value of class
c in M*1(X"). Old classes with lower predictions exert
weaker constraints on the model parameters 6,;¢. As a re-
sult, these classes are more prone to being forgotten as the
model learns new classes.

Building on the preceding analysis, it is theoretically more
challenging to retain the old knowledge for additional data
featuring infrequent occurrences of class ¢ and smaller pre-
dicted values, which is consistent with Fig. 1.

Adpversarial Attack for Added Images

Target attack. Contrary to traditional adversarial attacks,
our approach diverges by aiming to prompt the old model



to produce predictions containing more forgettable classes
through image perturbations. To achieve this, we employ
multiple iterations to generate adversarial examples AL :

At = ¢6(A§<:71 - Sign(vAfcflEce( Zflegoal))) (5)

where o and € represent the step size and perturbation range,
respectively. Z! _, is the prediction map of the old model,
ie., Zi | = M''(AL_,). The function ¢ is used to clip
the generated example within the e-ball. A}, denotes the ad-
versarial example at the k-th attack step. The initial value
is set as A = X' + U(—e¢, +¢), where U(—¢, +¢) denotes
the random initialization of the perturbation for each pixel,
ranging from —e to +e.

Attack probability module. Subsequently, to define the
attack goal, we use the attack probability module to generate
test images via an untargeted attack. This module assesses
the class distribution in the attack target by computing the
predicted difference between the old and new models.

Specifically, we need to define the degree of forgetfulness
d. of each class in training to keep adjusting this value. The
knowledge distillation loss can only compute the difference
between the two model outputs as a whole. Therefore, we
utilize each channel of the prediction to compute the differ-
ence. The added images may contain only some of the old
classes, making it difficult to fully assess the degree of for-
getting for all classes. Therefore, we attack the added images
to serve as test images I}fﬁ by the untargeted attack:

€ . ~1:t—1
L, = ¢ (L_y + asign(Vy_ Lec(Fj_1, Y

)
where F},_| = M*~Y(I},_,), Y5 s the pseudo-labels of
X' output by M*~1, and « is the step size.

The degree of forgetfulness d. of each class is captured
by taking the square root of the predictions made by both
the old and new models for each class:

de = \/M(IL) g — M1 (L), %)

where M*(I},) () means the prediction of the c-th channel.
The frequency of attacks for each class is:

de

C
Zc:l dC

Then, we set the label Y9°* to contain all observed cat-
egories, with the number of occurrences of each category

assigned the value N, according to d,.
N.=B+«Hx*W xd,

where B is the batch size.

Generating goal label. Specifically, the pseudo-label
Y5 of the original data X" is obtained according to the

model M?*~!. Then, we calculate the counter of occurrence
for all old classes, denoted as S..:

Se=Y 1Y =¢

Based on the relationship between S. and N, we dis-
tribute pixels by the following strategy:

(6)

®)

c =

€))

(10)
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* When S, exceeds N., we randomly select N, pixels from
the pool of S, and allocate them the class ¢ label, while
the remaining (S. — N,) pixels are placed in set A.

* When S, is less than ., we initially utilize all S, pixels.
Following that, we select the additional (N, — S.) pixels
from set A, and allocate them the class c label.

The pixels selected for each class form the set P,. And,
Y9 is defined as:
Vee CHL V(i j) € P Y

goal
[i.4]
(i, ).

In this process, we derive the goal label Y?°* adjusting

the number of pixels per class according to the degree of
forgetfulness of each class.

=cC

Y

‘,l]l is the label of the pixel

o
2]

where Y‘[

Training with Clean and Adversarial Data

To mitigate the background shift, the previous model trained
. ~1:t—1

at step t—1 is employed to generate the pseudo-label Y ,

which contains all seen classes. It is combined with the label

Y’ to generate a new pseudo-label YM, which includes the
current class and all seen classes. The pseudo-label ?M is:

Yti ]]7 lf Yl[fq j] 7é Cp

~1:t A . t”

Yig=9Yu; » Y =0 (12)
0, otherwise

where ¢y, is the background, and Yfiﬂ 4l is the ground truth of
the pixel (i, j) at step ¢.
For adversarial data, we utilize M*~1! to obtain the corre-
. ~1:t—1
sponding labels Y4, -
The final loss function is:

Lob; =(Loe(XE Y + L1a(XH))

~1:t—1

+ Aadv (ﬂce (Az, Yadv ) + ﬁkd(AZ))

13)

where [X',AL] is a mini-batch, [Y ', Y.y, ] means the

pseudo-labels, and A,q4, is the weight of adversarial sam-
ples.

Experiments
Experimental Setup

Datasets. We validate our method on benchmark datasets
Pascal VOC2012 (Everingham et al. 2010) and ADE20k
(Zhou et al. 2017). The Pascal VOC2012 dataset contains 20
object classes and one background. Its training and valida-
tion sets include 10,582 and 1,449 images, respectively. The
ADE20k dataset contains 150 objects with 20,210 training
images and 2,000 test images.

Experimental setting. Initially, MiB (Cermelli et al.
2020) sets two different experimental settings, namely dis-
joint and overlapped. Following previous works (Douillard
et al. 2021; Phan et al. 2022), we evaluate the performance
of the model in the overlapped setting, as it is more realistic
and challenging. For the Pascal VOC2012 dataset, we per-
form experiments in six settings, including adding 1 class



19-1 (2 tasks)

15-5 (2 tasks)

15-1s (6 tasks)

Method old new all avg old new all avg old new all avg
ILT? 67.75 10.88 65.05 71.23 || 67.08 39.23 6045 70.37 | 875 799 856 40.16
MiBf 70.57 22.82 68.30 7295 | 7530 48.68 6896 75.07 || 39.47 1450 33.53 54.44

REMINDER | 76.48 3234 7438 76.22 || 76.11 50.74 70.07 75.36 || 68.30 27.23 58.52 68.27

RCIL} 76.48 3536 74.52 7635 || 78.66 52.12 72.35 76.57 || 71.53 22.53 59.87 69.82

RECALL 6790 53.50 68.40 - 66.60 50.90 64.00 - 65.70 47.80 62.70 -

LAG - - - - 7733 51.76 71.24 - 75.00 37.52 66.08 -
PLOPT 75.50 3022 7335 7543 | 7544 49.65 6930 74.82 || 63.41 26.76 54.68 66.96
AAKR 7795 5340 76.78 77.34 | 78.00 54.52 7241 76.67 || 74.33 40.88 66.37 72.06

Table 1: mloU for different continual learning settings on Pascal VOC2012. Herein, best results are marked in boldface, and
second best results are underlined. {: results excerpted from (Phan et al. 2022). I: results comes from re-implementation.

Method 10-10 (2 tasks) 10-5s (3 tasks) 10-1s (11 tasks)
old new all avg old new all avg old new all avg
ILT? 70.82 63.52 6734 7394 | 5559 47.67 51.82 6645 || 16.98 727 377 5.60
MiB* 70.51 63.73 67.28 7391 || 56.99 5147 5436 68.28 || 20.02 20.11 20.06 39.14
RCIL! 73.98 6534 69.87 75.22 || 61.11 55.74 58.55 71.36 || 5544 15.03 36.20 47.37
RECALL | 65.00 5840 63.10 - 60.80 5290 58.40 - 59.50 46.70 54.80 -
LAG - - - - - - - - 69.56 42.62 56.73 -
PLOPY | 7382 63.55 6893 74.81 || 58.58 53.66 56.24 69.89 || 4495 1543 30.890 44.77
AAKR | 7457 65.58 70.29 75.41 || 66.52 5197 59.59 70.24 || 58.39 36.19 47.82 58.22

Table 2: mloU for different continual learning settings on Pascal VOC2012.

after training 19 classes (19-1), adding 5 classes after train-
ing 15 classes (15-5), adding 5 classes sequentially after
training 15 classes (15-1s), and more challenging settings
of 10-10, 10-5s, and 10-1s. For the ADE20k dataset, we per-
form experiments in four settings, which are 100-50, 50-50s,
100-10s and 100-5. We compare the experimental results of
AAKR with state-of-the-art methods, including distillation-
based methods (ILT (Michieli and Zanuttigh 2019), MiB
(Cermelli et al. 2020), PLOP (Douillard et al. 2021), RE-
MINDER (Phan et al. 2022), RCIL (Zhang et al. 2022),
LAG(Yuan, Zhao, and Shi 2024)) and replay-based method
(RECALL (Maracani et al. 2021)). Note that all methods do
not use any past samples during training.

Metrics. For semantic segmentation, the mean Intersec-
tion over Union (mIoU) metric is frequently used to measure
the performance. In CSS, we report four different mloUs.
First, the mIoU of all initial classes (old) is used to indicate
the ability of the model to retain the old knowledge. Second,
the mIoU of all incremental classes (new) is used to indi-
cate the ability of the model to learn new knowledge. Then,
the mloU of all classes (all) shows the combination per-
formance of the model. Finally, the average value of mIoU
(avg) evaluates the performance of the model throughout the
continual training.

Implementation details. We use the same distillation and
cross-entropy strategies as PLOP. As in previous work, we
use Deeplabv3 (Chen et al. 2017) as the segmentation net-
work with ResNet-101 (He et al. 2016) as the backbone,
which is pre-trained on ImageNet (Deng et al. 2009). For
Pascal VOC2012 and ADE20k datasets, the model is trained
with a crop size of 512x512. The model is trained for 30
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epochs on Pascal VOC2012 and 60 epochs on ADE20k, re-
spectively. Moreover, \,4, is 0.5. For the adversarial attack
of added images, € is 64, attack step k is 3, and « is €/ k.

Quantitative Evaluation

For the Pascal VOC2012 dataset, Tab. 1 shows the results
for the 19-1, 15-5, and 15-1s settings. In the 19-1 setting,
AAKR obtains advanced results for all classes (76.78%)
and achieves a significant improvement on the new classes
(+23.18%) compared with the baseline, PLOP. Moreover,
for the 15-5 setting, AAKR improves the mloU on both
new and all classes (+4.87% and +3.11%, respectively) com-
pared with PLOP. For the longer setting (15-1s), there is a
significant performance degradation for each method. Com-
pared with the baseline, AAKR achieves a larger improve-
ment (+14.12%) in the new classes and retains the old
knowledge well (74.33%). Besides, AAKR also obtains a
better result (66.37%) for all classes than the replay-based
method (RECALL). In addition, Tab. 2 shows the results for
the 10-10, 10-5s, and 10-1s settings. Compared with PLOP,
the mloU of all classes is improved by +1.36%, +3.35%, and
+16.93% at 10-10, 10-5s and 10-1s settings, respectively.
RECALL excels in the longer setting (10-1s) but falls short
in others, requiring extra model storage. In contrast, AAKR
achieves remarkable performances across various settings.
For the ADE20k dataset, Tab. 3 shows the results for the
100-50, 50-50s, and 100-10s settings. For the 100-50 set-
ting, AAKR improves the mloU of all classes (+0.66%),
compared with the advanced method RCIL. Besides, AAKR
improves the baseline by +2.42% in the all classes. For the
50-50s setting, AAKR obtains an mloU of 33.84% for all



100-50 (2 tasks)

50-50s (3 tasks)

100-10s (6 tasks)

Method old new all avg old new all avg old new all avg
ILTT 18.29 1440 17.00 2942 || 353 1285 9.70 30.12 | 0.11 3.06 1.09 12.56
MiBf 40.52  17.17 32779 37.31 | 4557 21.01 29.31 3898 || 38.21 11.12 29.24 35.12

REMINDER | 41.55 19.16 34.14 3843 | 47.11 20.35 29.39 39.26 || 38.96 21.28 33.11 3747
RCIL 42.30 18.80 34.50 - 48.30 2440 32.50 - 39.30 17.50 32.10 -
LAG 41.64 19.73 34.34 - 47.69 26.12 33.31 - 41.00 18.69 33.56 -

PLOP? 4176 1452 3274 3773 | 4733 20.27 2941 38.75 || 38.59 1421 30.52 34.48

AAKR 4198 21.39 3516 38.78 | 48.73 26.25 33.84 40.97 || 40.05 21.66 33.96 37.92

Table 3: mloU for different continual learning settings on ADE20k.
100-5s (11 tasks) Method | old new all
Method | 5id  new  all  avg Baseline | 6341 2676 54.63
MiBT 36.01 5.66 2596 32.69 PGD 73.02  20.72 60.57
REMINDER | 36.06 16.38 29.54 36.49 SegPGD | 73.21 21.14 60.81
RCIL 38.50 11.50 29.60 - AAKR | 7433 40.88 66.37
LAG 3996 17.22 32.38 -
PLOPT 3572 12.18 27.93 35.10 Table 5: Ablation study of different adversarial attacks on
AAKR 37.92 1827 3141 37.01 the 15-1s setting of the Pascal VOC2012 dataset.

Table 4: mloU for the setting 100-5s (11 tasks) on ADE20k.

80
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0 2 4 6 8 10

Time

Figure 3: Comparisons of the training time on Pascal
VOC2012.

classes, which is 4.43% higher than PLOP. Moreover, for the
100-10s setting, AAKR preserves the old knowledge well,
improving +7.45% on new classes, compared with PLOP,
and again obtaining a state-of-the-art result of 33.96% for
all classes. Tab. 4 compares the performance of models in
the longer setup of 100-5s. In such a setting, all models are
highly susceptible to forgetting the old knowledge due to
more learning steps. As shown in the table, AAKR is more
effective in learning new classes with an mIoU of 18.27%.

Comparisons of Training Time

To demonstrate that AAKR reduces computational overhead
compared to replay-based techniques, we conduct experi-
ments on the training time, as shown in Fig. 3. The training
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Method old new all

Baseline | 63.41 26.76 54.68
+attack | 72.06 33.87 62.97
+APM | 74.33 40.88 66.37

Table 6: Ablation study of different components for adver-
sarial images on the 15-1s setting of the Pascal VOC2012
dataset. APM means the attack probability module.

time of PLOP is taken as a reference, normalized to 1, and
used to evaluate the training time of other methods. Notably,
AAKR outperforms knowledge distillation-based methods
(PLOP and RCIL) with only a slight increase in training
time. In the more challenging setting (15-1s), the replay-
based technique (RECALL) outperforms both PLOP and
RCIL, but with a substantial increase in training time (ap-
proximately 8-fold). In contrast, AAKR achieves superior
outcomes compared to them with minor time investment.
Experimental results show that AAKR accomplishes higher
performance with little cost compared to replay-based strat-
egy, while eliminating the need for additional model storage.

Ablation Study

To validate the effectiveness of AAKR in generating adver-
sarial images, we conduct experiments on the 15-1s setting
of the Pascal VOC2012 dataset, as shown in Tab. 5. PLOP
is used as the baseline. Additionally, we compare AAKR
with PGD and SegPGD, which utilize adversarial attacks to
manipulate the added data. The competitors primarily aim
to induce differences in model predictions without yielding
substantial improvements. In contrast, AAKR strategically
compels the old model to produce comprehensive predic-
tions, leading to the most promising results.

To verify the effect of the proposed components, we
conduct experiments on the 15-1s setting of the Pascal
VOC2012 dataset, as shown in Tab. 6. We begin with



Ground truth

Figure 4: Visualization results of MiB, PLOP, RCIL and AAKR for some test images on Pascal VOC2012 in the 15-1s setting.
AAKR has less confusion between the background and foreground classes, compared with MiB, PLOP and RCIL.

Predictions Predictions

Clean Images

Figure 5: Visualization results of the clean and adversar-
ial images and the corresponding predictions on Pascal
VOC2012 in 15-5 setting.

the baseline by using PLOP. Subsequently, we enhance
the knowledge transfer by generating adversarial samples
through the proposed attack. The goal label Y9°% for the at-
tack is randomly selected. Building upon the baseline, this
approach significantly improves results (+8.29%) for the
all classes. Furthermore, we introduce the attack probabil-
ity module (APM) to construct Y9°% that constitutes the
AAKR, further refining the impact (+3.40%). These exper-
iments demonstrate the effectiveness superiority of the pro-
posed components.

Qualitative Evaluation

Fig. 4 illustrates the predictions of MiB, PLOP, RCIL, and
AAKR on the 15-1s setting. MiB, PLOP and RCIL exhibit
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instances of unreasonable predictions for specific pixels,
frequently resulting in confusion between background and
foreground classes, as well as among different foreground
classes. For instance, in rows 1 and 2, there is evident confu-
sion between various foreground classes, while rows 3 and 4
demonstrate confusion between background and foreground
classes. In contrast, AAKR mitigates this issue by transfer-
ring the prior knowledge of the adversarial images.

As depicted in Fig. 5, we present the predictions of the old
model for both clean and adversarial images on the 15-5 set-
ting of the Pascal VOC2012 dataset. Notably, the old model
generates predictions encompassing a broader spectrum of
categories for the adversarial image as opposed to the orig-
inal image. This expansion in predicted categories proves
beneficial in facilitating the transfer of more comprehensive
knowledge to the new model.

Conclusions

In this paper, we explored the impact of old model pre-
dictions on continual learning within the CSS framework,
emphasizing the crucial role of higher occurrences and
predictions in facilitating the knowledge retention. Build-
ing on these insights, we proposed the Adversarial Attack-
based Knowledge Retention (AAKR) method. AAKR as-
signs larger weights to classes forgotten faster, achieved
through an attack probability module. This strategic weight-
ing prompts more attacks on these classes, leading the
old model to generate additional relevant pseudo-labels or
higher predictions. Accordingly, this augmentation enhances
the transfer of old knowledge. Extensive experiments on
benchmark datasets consistently validate the superior per-
formance of AAKR over existing methods.
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