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Abstract

Few-Shot Class-Incremental Learning (FSCIL) aims to con-
tinuously learn new classes from a limited set of training
samples without forgetting knowledge of previously learned
classes. Conventional FSCIL methods typically build a ro-
bust feature extractor during the base training session with
abundant training samples and subsequently freeze this ex-
tractor, only fine-tuning the classifier in subsequent incre-
mental phases. However, current strategies primarily focus on
preventing catastrophic forgetting, considering only the rela-
tionship between novel and base classes, without paying at-
tention to the specific decision spaces of each class. To ad-
dress this challenge, we propose a plug-and-play Adaptive
Decision Boundary Strategy (ADBS), which is compatible
with most FSCIL methods. Specifically, we assign a specific
decision boundary to each class and adaptively adjust these
boundaries during training to optimally refine the decision
spaces for the classes in each session. Furthermore, to am-
plify the distinctiveness between classes, we employ a novel
inter-class constraint loss that optimizes the decision bound-
aries and prototypes for each class. Extensive experiments
on three benchmarks, namely CIFAR100, minilmageNet, and
CUB200, demonstrate that incorporating our ADBS method
with existing FSCIL techniques significantly improves per-
formance, achieving overall state-of-the-art results.

Code — https://github.com/Yongzhang-Tan/ADBS

Introduction

To date, deep Convolutional Neural Networks (CNNs) have
achieved significant advancements in the field of computer
vision, primarily using models trained on static and pre-
collected large-scale annotated datasets (Deng et al. 2009;
He et al. 2016). However, the practical challenge of grad-
ually integrating data from new classes into a model ini-
tially trained on existing classes introduces significant obsta-
cles, known as Class Incremental Learning (CIL) (Hou et al.
2019; Li and Hoiem 2017; Rebuffi et al. 2017; Cheng et al.
2025). Unlike standard classification tasks, CIL requires
handling new classes and restricted access to prior task data
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Figure 1: Illustration of FSCIL classification with (a) Fixed
and (b) Our proposed adaptive decision boundaries. A fixed
decision boundary strategy often struggles to reserve ade-
quate space for new classes at each incremental stage, re-
sulting in space conflicts between old and new classes. In
contrast, our proposed adaptive decision boundary strategy
can effectively alleviate this issue by adjusting the decision
boundaries of both old and new classes.

in incremental sessions. Consequently, simply updating the
model with new class data may lead to overfitting on these
new classes and cause significant performance drops on
previously learned classes, a phenomenon known as catas-
trophic forgetting (McCloskey and Cohen 1989; Masana
et al. 2022). Nonetheless, CIL requires sufficient training
data from novel classes. In many applications, data col-
lection and labeling can be prohibitively expensive, posing
challenges for implementing CIL in real-world scenarios.
To address these challenges, Few-Shot Class-Incremental
Learning (FSCIL) is proposed to address the dual challenges
of learning new classes from limited examples and integrat-
ing this knowledge into an existing model without forgetting
previously acquired information (Tao et al. 2020). Critically,
the model must maintain a balance between stability and
plasticity, preserving previously acquired knowledge while
seamlessly integrating new information.

Recent advancements in FSCIL methods (Zhang et al.



2021; Cheraghian et al. 2021; Dong et al. 2021; Zhao et al.
2021; Zhou et al. 2022a; Chen, Wang, and Hu 2022; Yang
et al. 2023; Fan et al. 2024) have shown remarkable perfor-
mance in image classification tasks. These methods typically
employ a learning pipeline that includes pre-training the
model during a data-rich base session, followed by merely
constructing a classifier for novel classes on the frozen back-
bone during incremental sessions. While this approach ef-
fectively integrates new classes while retaining previously
learned information, it still remains a significant challenge,
i.e., conflicts in the decision space between old and novel
classes, as depicted in Figure 1(a). When the features of
base classes are similar to those of novel classes, classify-
ing novel classes may disrupt the classification of the pre-
established base classes. Moreover, in scenarios with a fixed
backbone, base classes typically do not reserve space for un-
known novel classes, leading to performance degradation.
Several approaches (Song et al. 2023; Zhou et al. 2022a)
have attempted to address this issue by introducing virtual
classes to reserve feature space for novel classes. However,
it remains challenging to predict the feature space of novel
classes that significantly deviate from base classes using
only data augmentation-based strategies, e.g., mixup. Addi-
tionally, finding a balance between the space reserved for
base and novel classes to avoid compromising base clas-
sification tasks remains a significant issue. Previous stud-
ies (Peng et al. 2022; Zou et al. 2022; Guo et al. 2023) have
attempted to introduce decision boundaries in FSCIL to im-
prove inter-class cohesion. However, these methods, which
rely on predetermined hyperparameters to set boundaries,
often fail to accurately define precise demarcations. The
aforementioned observations prompt us to construct adap-
tive decision boundaries to accurately predict base classes
and reserve more space for incoming novel classes.

In this paper, we propose a novel Adaptive Decision
Boundary Strategy (ADBS) for FSCIL, which assigns a spe-
cific decision boundary to each class that dynamically ad-
justs based on the training data. To enhance the distinctive-
ness between classes, we also implement a novel inter-class
constraint loss that optimizes the decision boundaries and
prototypes for each class. The proposed ADBS significantly
improves class separation and effectively reduces conflicts
in the feature space between existing and incoming classes,
as shown in Figure 1(b). Furthermore, ADBS is a plug-and-
play module that can be easily integrated with existing FS-
CIL frameworks without necessitating modifications to the
network architecture.

To summarize, our main contributions are as follows:

* We introduce a plug-and-play Adaptive Decision Bound-
ary Strategy (ADBS) designed to mitigate conflicts be-
tween base and novel classes in the feature space within
FSCIL tasks. Our theoretical analysis verifies that this
strategy effectively differentiates class centers and opti-
mizes their boundaries.

We employ an inter-class constraint to optimize the de-
cision boundaries and prototypes for each class, further
enhancing the distinguishability between classes.

¢ We evaluate the ABDS method over three FSCIL bench-
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marks: CIFAR100, minilmageNet, and CUB200. Exper-
imental results and visualizations demonstrate that in-
corporating ADBS with existing FSCIL algorithms, in-
cluding both the baseline and state-of-the-art methods,
consistently enhances performance and achieves state-of-
the-art performance.

Related Work
Few-Shot Class-Incremental Learning

The concept of Few-Shot Class-Incremental Learning (FS-
CIL) was first introduced in TOPIC (Tao et al. 2020), which
aims to address the dual challenges of catastrophic forget-
ting and learning new classes incrementally from a limited
number of labeled samples. TOPIC tackled these issues by
implementing a neural gas (NG) network. Current meth-
ods in FSCIL can be categorized into two main groups:
one updates the backbone network during incremental ses-
sions (Cheraghian et al. 2021; Dong et al. 2021; Kang et al.
2023; Li et al. 2024), while the others maintain a fixed back-
bone. The latter group attempts to suppress forgetting old
knowledge while adapting smoothly to novel classes using
various approaches. Several methods improve model perfor-
mance by constructing diverse powerful classifiers, such as
ETF (Yang et al. 2023) or stochastic classifiers (Kalla and
Biswas 2022). Other methods (Zhou et al. 2022a; Song et al.
2023) introduce virtual classes to pre-allocate feature space
for novel classes, while additional methods include episodic
training (Zhou et al. 2022b; Zhu et al. 2021) or ensemble
learning (Ji et al. 2023) to boost the capabilities of backbone.
Recent methods (Yang, Liu, and Xu 2021; Liu et al. 2023)
consider to employ distribution calibration to adjust the clas-
sifier. OrCo (Ahmed, Kukleva, and Schiele 2024) promotes
class separation by leveraging feature orthogonality in the
representation space and contrastive learning.

Boundary-based Method

Boundary-based methods, which focus on learning opti-
mal decision boundaries, are extensively employed in var-
ious vision tasks such as image classification (Chen et al.
2020; Wang et al. 2024), semantic segmentation (Liu et al.
2022), and domain generalization (Dayal et al. 2024). The
widespread use and success of these methods in diverse ap-
plications highlight their efficacy, showcasing their capabil-
ity to manage complex visual data with exceptional accuracy
and reliability.

Several methods also explore boundary strategies within
the FSCIL domain. In prior studies, ALICE (Peng et al.
2022) utilizes angular penalty loss with hyperparameter-
defined boundaries to enhance inter-class cohesion, yet
these boundaries are not effectively utilized during in-
ference. Conversely, CLOM (Zou et al. 2022) employs
hyperparameter-based methods to establish positive and
negative boundaries by considering distances between class
prototypes, while DBONet (Guo et al. 2023) assumes that
data feature vectors follow a spherical Gaussian distribution
and employs within-class variance to define boundaries. Al-
though these approaches promote class separation to some



degree, they often struggle to achieve precise boundary ac-
curacy. Additionally, traditional boundary-based methods
frequently require modifications to the model architecture,
which restricts their widespread application. To overcome
these limitations, we introduce a plug-and-play Adaptive
Decision Boundary Strategy that captures more accurate
boundaries and effectively resolves conflicts between new
and old classes in the feature space.

Preliminary
Problem Statement

In FSCIL, we conduct a series of continuous learning ses-
sions, each featuring a steady stream of training data rep-
resented as Dy = {D!. }1,. Each subset D!

train train

{(z4, yz)}fV:’O contains training samples from session ¢, with
z; and y; denote the i-th image and its corresponding la-
bel, respectively. The initial session, termed the base session,
provides a substantial amount of training data. Each subse-
quent session, referred to as an incremental session, adopts
an N-way, K -shot setting, which includes N classes, each
with K samples. The label space for the ¢-th session is de-
noted by C%, which is disjoint between different sessions,
ie.,Ct* NC? = @& when t; # t,. The model trained on

Dt .. should be evaluated on D, which includes all classes

encountered up to the ¢-th session, represented as UE:O Ct.

Base Pretraining and Novel Fine-tuning Strategy

The Base Classes Pretraining and Novel Classes Fine-tuning
(BPNF) strategy (Tian et al. 2024) is a common approach
in the FSCIL scenario, which involves initial pre-training
on abundant base data, followed by fine-tuning to enhance
adaptation to novel classes during the incremental phase.

In general, an FSCIL model is decomposed into two com-
ponents: a feature extractor f(-) and a dynamic classifier
with weights W. The output of the model is represented as:

p(x) =W f(z), (1)

where ¢(z) € RICX1 W € RI¥ICl and f(z) € R¥*! with
d and C denotes the output feature dimension and number of
classes, respectively.

Specifically, BPNF first leverages sufficient data in the
base session to train the model by optimizing the loss for
each sample z:

Las(9;2,y) = Uo(x),y),

where [(-, -) denotes the cross-entropy loss function.

After the base training phase, f(-) is fixed, and the clas-
sifier is expanded in each subsequent incremental session:
W= Uzzo{wi, wh, - - vw\icﬂ}’ where each term is parame-
terized by the prototype of the corresponding novel class:

t 1 =
=1

In ¢-th session, inference is performed using the Nearest
Class Mean (NCM) (Mensink et al. 2013) algorithm to eval-
uate the accuracy of all encountered classes by predicting

(@)

(€)
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the class ¢, with:

el = argmax sim (f(x),wt), )
C,
.
where sim(x,y) = H;HH)),/ 7 represents the cosine similarity

between two vectors.

Methodology

In this section, we provide a detailed description of our
proposed methodologies, Adaptive Decision Boundary and
Inter-class Constraint. The overview of the entire training
pipeline is illustrated in Figure 2.

Adaptive Decision Boundary

To more effectively partition the feature space, we propose
the Adaptive Decision Boundary (ADB). This approach in-
volves assigning a unique decision boundary to each class
and continuously adapting it throughout the training process.
This strategy conserves the feature space utilized by the base
classes, thus liberating additional feature space for the com-
ing new classes.

Previous research typically assigns a unified decision
boundary to all classes instead of implementing individual
boundaries for each class. This common practice usually re-
sults in a decision boundary that is determined by the class
with the most dispersed inter-class features, which can lead
to an excessively large boundary for all classes, as illustrated
in Figure 2 (a). This practice can clutter the feature space for
new classes, resulting in conflicts when new classes are in-
troduced. Drawing inspiration from (Zou et al. 2022), we
establish a specific boundary for each class and further pro-
pose adaptive adjustments to these boundaries.

In the base session, we initially assign a decision
boundary to each base class, formally defined as: M =

{ml,m3,....mf }, M € R*I€°I. We then incorporate
these adaptive boundaries into the model as follows:

o(z) = (W-M)" f(x). (5)

Throughout the training process, we apply Eq. 2 to refine
both the original model and the boundaries A, thereby fa-
cilitating the adaptive adjustment of M towards the optimal
decision boundary.

Compared to the less precise boundaries determined by
hyperparameters in CLOM (Zou et al. 2022), our method
adaptively adjusts the decision boundaries during training.
Assuming that clear distinctions already exist between base
classes without the use of boundaries M, our method al-
lows the boundaries of classes with smaller feature spaces
to adaptively and substantially contract, guided by the loss
function described in Eq. 2. Concurrently, the boundaries of
other classes will also contract to a degree, as illustrated in
Figure 2 (b). This strategy liberates additional space for new
classes, effectively reducing the conflicts between existing
and incoming classes within the feature space.

In incremental sessions, previous methods typically em-
ploy only Eq. 3 to compute prototypes without adjusting
boundaries. As a result of continuing to use the static bound-
aries of the old classes, the new classes fail to adapt to their
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Figure 2: The overall pipeline of our Adaptive Decision Boundary Strategy (ADBS). In the base session, we compress the deci-
sion boundaries of the base classes to reserve feature space for the upcoming new classes, as depicted in (a)-(c). Subsequently,
in the incremental sessions, while maintaining the boundaries of the base classes, we dynamically adjust the boundaries of the
new classes to optimize classification performance and compress the boundaries of current classes to allocate feature space for
forthcoming new classes, as shown in (d)-(f). Furthermore, we impose Inter-class Constraint (IC) to enhance class distinguisha-

bility in each session.

own distribution, leading to suboptimal classification per-
formance and catastrophic forgetting, as illustrated in Fig-
ure 2 (d). Therefore, we resolve to continuously fine-tune
the boundaries for new classes during these sessions.

In each incremental session ¢, following the BPNF strat-
egy, we first update the classifier using prototypes of
the new classes. Next, we adjust the decision boundaries
while keeping the backbone network and the classifier
fixed. To accomplish this, we first expand M to M =
{m{,m3, -+ migo } U---U{mi,mb, - ,mfc, }. Subse-
quently, we calculate the mean boundary of all old classes
to set the initial boundaries for the new classes in the cur-
rent session. Concurrently, the boundaries of all old classes
remain unchanged, while the boundaries for new classes are
specifically adjusted using the Eq. 2.

By fine-tuning the boundaries of new classes, we are able
to improve the classification performance of these classes
while preserving the knowledge of the old classes, as shown
in Figure 2 (f). During inference, we utilize the previously
trained boundaries. Eq. 4 is reformulated as follows:

).

t

¢t = argmaxm!, sim (f(z), w’,

c,t

(6)

Inter-class Constraint

With the help of adaptive decision boundaries, we can adjust
the decision space of existing classes. To further enhance the
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distinguishability between classes, the decision boundary M
should satisfy the following proposition:

Proposition 1 Given a classifier with weights W, the adap-
tive boundary strategy could help to better separate classes
1, j if the boundary weights m; and m  satisfy the following
equation:

(1= ma)p{ wi+ (m; — pfw; <0, Vi#j ()
where p; denotes the prototype of class i. w; and w; cor-

respond to the weights of classes i and j in the classifier,
respectively.

Proof 1 Please refer to the supplemental materials.

Building upon Proposition 1, we introduce a novel Inter-
class Constraint (IC) loss to optimize the boundaries M as:

N N
Lic= Z ZmaX(O, (1 —m;)p] w; + (mj — 1)pz‘ij)v

i=1j=1

®)
where N denotes the total number of classes and p; is the
normalized prototype of i-th class.

IC loss helps optimize the decision boundaries and pro-
totypes for each class, facilitating further separation of the
classes and the establishment of clearer decision boundaries.

The overall objective function is defined as:

L= ﬁcls + Oé['[Cﬂ
where a denotes the weighting parameters of L;¢.

€))



Accuracy in each session (%)

Methods Average
0 1 2 3 4 5 6 7 8 Acc.
Topic (Tao et al. 2020) 64.10 55.88 47.07 45.16 40.11 3638 3396 31.55 2937 42.62
CEC (Zhang et al. 2021) 73.07 6888 6526 61.19 58.09 5557 5322 5134 49.14 59.53
FACT (Zhou et al. 2022a) 74.60 72.09 6756 63.52 6138 5836 5628 5424 5210 6224
C-FSCIL (Hersche et al. 2022) 7747 7240 6747 6325 59.84 5695 5442 5247 5047 61.64
CLOMT (Zou et al. 2022) 7420 69.83 66.17 6239 5926 5648 5436 52.16 5025 60.57
DBONetf (Guo et al. 2023) 77.81 73.62 71.04 6629 6352 61.01 5837 56.890 5578 64.93
MCNet (Ji et al. 2023) 7330 69.34 6572 61.70 58.75 56.44 5459 53.01 50.72 60.40
SoftNet (Kang et al. 2023) 7262 6731 63.05 5939 56.00 5323 51.06 4883 46.63 57.57
WaRP (Kim et al. 2023) 80.31 7586 71.87 67.58 6439 6134 59.15 57.10 5474 65.82
TEEN (Wang et al. 2023) 7492 7265 6874 6501 62.01 59.29 5790 5476 52.64 63.10
NC-FSCIL (Yang et al. 2023) 82.52 76.82 7334 69.68 66.19 6285 6096 59.02 56.11 67.50
ALFSCIL (Li et al. 2024) 80.75 77.88 7294 68.79 6533 62.15 6002 57.68 5517 66.75
DyCR (Pan et al. 2024) 75.73 7329 6871 64.80 62.11 5925 56.70 5456 5224 63.04
baseline 7392 67.14 6371 60.07 57.10 54.85 5252 5049 48.60 58.71
baseline+ADBS 7993 7522 7111 6599 6246 58.38 5596 53.72 51.15 63.77
(+6.02) (+8.08) (+7.40) (+5.92) (+5.36) (+3.53) (+3.43) (+3.22) (+2.55) (+5.06)
OrCo* (Ahmed, Kukleva, and Schiele 2024) 79.77 6329 6239 60.13 58.76 56.56 5549 5419 51.12 60.19
OrCo+ADBS 7977 6346 6189 60.43 59.23 5632 5576 5448 51.54 60.32
(+0.00) (+0.17) (-0.50) (+0.29) (+0.46) (-0.25) (+0.27) (+0.30) (+0.42) (+0.13)
ALICEt* (Peng et al. 2022) 80.37 7234 67.67 63.61 61.11 5853 5740 5543 5346 63.32
ALICE+ADBS 80.12 7411 70.51 66.72 63.90 61.25 60.00 58.07 56.00 65.63
(-0.25) (+1.77) (+2.84) (+3.11) (+2.79) (+2.72) (+2.60) (+2.64) (+2.54) (+2.31)
SAVC* (Song et al. 2023) 78.60 7295 6873 6459 6141 5846 5629 5440 52.19 63.07
SAVC+ADBS 85.13 80.39 77.07 72.61 69.54 6654 64.70 62.72 60.60 71.03

(+6.53) (+7.43) (+8.34) (+8.03) (+8.13) (+8.08) (+8.41) (+8.32) (+8.41) (+7.96)

Table 1: Comparison with SOTA methods on CIFAR100 for FSCIL. 7: Boundary-based method. *: Reproduced results.
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Figure 3: Comparison with different baseline methods on CIFAR100, CUB200, and minilmageNet. The dashed line represents
the accuracy of the baseline method, while the solid line depicts the classification performance with our proposed ADBS.

Experiment
Experimental Setup

Dataset Following the benchmark setting (Tao et al. 2020),
we evaluate the effectiveness of our proposed ADBS method
on three datasets, i.e., CIFAR100 (Krizhevsky 2009), mini-
ImageNet (Deng et al. 2009), and Caltech-UCSD Birds-200-
2011 (CUB200) (Wah et al. 2011).

Implementation Details We integrate our approach into
four FSCIL methods: the standard FSCIL baseline, SAVC
(Song et al. 2023), ALICE (Peng et al. 2022), and OrCo
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(Ahmed, Kukleva, and Schiele 2024). We implemente these
methods using the official codes released by the authors to
ensure a fair comparison. '

Evaluation Protocol and Metric Following previous FS-
CIL studies (Tao et al. 2020; Zhang et al. 2021), we report
the Top-1 accuracy of current classes after the base session
and each incremental session.

"More details about datasets and experimental settings are in-
cluded in the supplementary materials.



Accuracy in each session (%)

Methods Average
0 1 2 3 4 5 6 7 8 Acc.
Topic (Tao et al. 2020) 61.31 50.09 4517 41.13 3748 3552 3219 2946 2442 39.64
CEC (Zhang et al. 2021) 72.00 66.83 6297 5943 56.70 53.73 51.19 4924 4763 5775
FACT (Zhou et al. 2022a) 72.56  69.63 6638 62.77 60.60 5733 5434 5216 5049 60.70
C-FSCIL (Hersche et al. 2022) 7640 71.14 6646 6329 6042 5746 5478 53.11 5141 61.61
CLOMT (Zou et al. 2022) 73.08 68.09 64.16 6041 5741 5429 5154 4937 48.00 5848
DBONetf (Guo et al. 2023) 7453 7155 6857 6572 63.08 60.64 57.83 5521 5382 6344
MCNet (Ji et al. 2023) 7233 67.70 63.50 60.34 57.59 5470 5213 5041 49.08 58.64
SoftNet (Kang et al. 2023) 77.17 7032 66.15 6255 5948 5646 5371 51.68 5024 60.86
WaRP (Kim et al. 2023) 7299 68.10 6431 6130 58.64 56.08 5340 51.72 50.65 59.69
TEEN (Wang et al. 2023) 7353 7055 6637 6323 60.53 5795 5524 5344 5208 6144
NC-FSCIL (Yang et al. 2023) 84.02 76.80 72.00 67.83 6635 64.04 6146 59.54 5831 67.82
ALFSCIL (Li et al. 2024) 81.27 7597 7097 66.53 6346 5995 5693 5481 5331 64.80
DyCR (Pan et al. 2024) 73.18 70.16 66.87 6343 61.18 5879 5500 52.87 51.08 6140
baseline 7480 6858 64.69 61.71 59.06 56.26 54.09 5230 50.81 60.25
baseline+ADBS 8140 75.03 71.03 68.00 6556 61.87 59.04 56.87 5538 66.02
(+6.60) (+6.45) (+6.34) (+6.29) (+6.50) (+5.61) (+4.95) (+4.58) (+4.57) (+5.77)
OrCo* (Ahmed, Kukleva, and Schiele 2024) 83.22 74.60 71.89 67.65 6553 6273 6033 5851 57.62 66.90
OrCo+ADBS 84.30 78.02 7396 70.07 6747 64.65 61.74 59.92 5842 68.73
(+1.08) (+3.42) (+2.07) (+2.41) (+1.95) (+1.92) (+1.41) (+1.41) (+0.80) (+1.83)
ALICEt* (Peng et al. 2022) 84.23 72.08 68.77 6557 6321 60.58 5826 56.69 5576 65.02
ALICE+ADBS 8392 7311 69.57 66.03 6382 61.26 58.64 57.07 5639 6553
(-0.32) (+1.03) (+0.80) (+0.46) (+0.61) (+0.68) (+0.38) (+0.38) (+0.63) (+0.52)
SAVC* (Song et al. 2023) 8138 76.12 71.79 6821 6534 6194 59.13 57.06 5560 66.29
SAVC+ADBS 87.10 81.11 77.16 7419 72.05 6834 65.14 6339 62.72 72.36

(+5.72) (+4.98) (+5.37) (+5.97) (+6.71) (+6.40) (+6.01) (+6.33) (+7.12) (+6.07)

Table 2: Comparison with SOTA methods on minilmageNet for FSCIL. {: Boundary-based method. *: Reproduced results.

Accuracy in each session (%)

ADB IC Ajast
0 1 2 3 4 5 6 7 8
7480 68.58 64.69 61.71 59.06 5626 54.09 5230 50.81 -
v 80.13 7474 7021 66.51 63.67 60.62 57.92 55.85 5467 +3.86
v v 8140 7503 71.03 68.00 6556 61.87 59.04 56.87 5538 +4.57

Table 3: Ablation studies on minilmageNet benchmark. ADB and IC denote Adaptive Decision Boundary and Inter-class
Constraint, respectively. A, s: Relative improvements of the last sessions compared to the fixed decision boundary baseline.

Main Results

We conduct experimental comparisons on three benchmark
datasets 2, i.e., CIFAR100, minilmageNet, and CUB200,
shown in Tables. 1, 2, and Figure 3.

Figure 3 shows that our proposed ADBS consistently en-
hances the performance of all integrated FSCIL methods
across all datasets. The results further reveal that integrat-
ing SAVC with ADBS (SAVC+ADBS) achieves state-of-
the-art performance on all datasets, thereby confirming the
effectiveness of the proposed strategy. Furthermore, we ob-
served that for baseline methods and SAVC, which do not
optimize for boundaries, our proposed ADBS continuously
compresses the boundaries in each session to allocate fea-
ture space, effectively alleviating conflicts between new and

The result table of CUB200 dataset can be found in the sup-
plementary materials.

18364

old classes in the feature space, thereby significantly enhanc-
ing performance. In contrast, the ALICE and Orco methods
each utilize specific losses (angular penalty loss and center
orthogonality loss, respectively) to optimize classification
decision boundaries. Consequently, integrating ADBS does
not yield significant improvements in base classification per-
formance. Nevertheless, during incremental sessions, ADBS
continues to effectively balance the decision spaces between
old and new classes without compromising the classification
performance of the combined methods, thereby enhancing
the overall model performance.

Ablation Study

We perform ablation studies to investigate the effective-
ness of the key components of the proposed ADBS on
the minilmageNet dataset. Built on the BPNF framework,
we initially employed only Cross-Entropy loss as the base-
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Figure 4: The t-SNE visualization on the minilmageNet
dataset of the feature embeddings. Classes 0-5 denote the
base classes, whereas classes 6-9 signify the new classes.
Our ADBS, as compared to the fixed decision boundary,
demonstrates superior class separability.
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Figure 5: Cosine similarity score between classes on CI-
FAR100. We use black dashed lines to demarcate the regions
of base and incremental classes. Compared to the fixed de-
cision boundary, our ADBS creates wider spacing between
class prototypes, leading to lighter colors in the figure.

line. Subsequently, we progressively integrated the proposed
Adaptive Decision Boundary (ADB) and Inter-class Con-
straint (IC), observing their impacts on performance. As
shown in Table 3, each component contributes to perfor-
mance improvement. Notably, the ADB strategy signifi-
cantly enhances classification performance in all sessions,
demonstrating that the adaptive strategy effectively adjusts
decision boundaries for better space allocation. Addition-
ally, we incorporated an inter-class constraint to increase the
distinguishability between classes, which also improved the
compactness of embeddings and facilitated FSCIL.

Further Analysis

Visualization of Class Separation We employ T-SNE to
visualize the feature space of the minilmageNet dataset, as
shown in Figure 4, with six classes randomly selected from
the base classes and four from the new classes. As shown
in Figure 4 (a), the base classes are densely clustered while
the new classes are more scattered, resulting in frequent con-
flicts within the feature space. For example, the purple class
(class 3) displays conflicts with both the cyan (class 8) and
magenta (class 9) new classes. In contrast, as shown in Fig-
ure 4 (b), our ADBS enhances intra-class cohesion and inter-

*More ablation results of CIFAR100 and CUB200 datasets can
be found in the supplementary materials.
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CUB200 CIFAR100 minilmageNet

baseline  0.3517 0.8846 0.8944
ADBS 0.3584 0.9497 0.9477
Aimpro.  +0.0067 +0.0651 +0.0533

Table 4: The degree of class separation on three FSCIL
benchmarks. Ajy,pr0.: Relative improvements of the overall
degree compared to the fixed decision boundary baseline.

class separation, clarifying the decision boundaries between
classes and effectively mitigating conflicts between old and
new classes in the feature space.

Analysis of the Class Separation Degree We first com-
pute the cosine similarity of two class prototypes (consis-
tent with the classifier) to analyze the similarity of the two
classes, shown in Figure 5. We observe that a fixed decision
boundary strategy causes class prototypes to cluster closely,
obscuring boundaries and leading to classification ambigui-
ties. In contrast, our ADBS significantly separates class pro-
totypes, establishing clearer boundaries between classes for
more accurate classification. To further explore our effec-
tiveness in enhancing class separation, we quantified the de-
gree of separation D., for each method by calculating the
average cosine distance between the prototypes of any two
classes as:

1
N2

(2

N N
Dcs = Z(I_SIm(pzvpj))7 (10)

j=1

1

where N indicates the number of all classes. Table 4 presents
the results of the baseline and our ADBS on three FSCIL
benchmarks. The results demonstrate that our ADBS effec-
tively separates different classes, mitigating class boundary
conflicts and thereby enhancing performance. It is worth
noting that, compared to the other two datasets, CUB200
primarily focuses on fine-grained classification scenarios,
where separating different classes is more challenging (i.e.,
a lower score). However, applying our ADBS still achieves
a slight improvement, underscoring its generalizability in
complex scenarios.

Conclusion

The conflict between new and old classes within the fea-
ture space presents a notable challenge for FSCIL methods.
In this paper, we propose a plug-and-play Adaptive Decision
Boundary Strategy (ADBS) designed specifically to mitigate
this issue. ADBS comprises two key components, i.e., an
Adaptive Decision Boundary (ADB) and an Inter-class Con-
straint (IC). ADB assigns a distinct decision boundary to
each class and adaptively adjusts it in each session, while the
IC is designed to enhance class distinguishability. Moreover,
ADBS offers plug-and-play functionality, enabling seamless
integration into various FSCIL methods. Extensive experi-
ments on three benchmarks demonstrate that incorporating
ADBS consistently enhances the performance of existing
FSCIL methods, highlighting the effectiveness of our pro-
posed strategy.
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