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Abstract. Few-Shot Class-Incremental Learning (FSCIL) models aim
to incrementally learn new classes with scarce samples while preserving
knowledge of old ones. Existing FSCIL methods usually fine-tune the en-
tire backbone, leading to overfitting and hindering the potential to learn
new classes. On the other hand, recent prompt-based CIL approaches al-
leviate forgetting by training prompts with sufficient data in each task.
In this work, we propose a novel framework named Attention-aware
Self-adaptive Prompt (ASP). ASP encourages task-invariant prompts to
capture shared knowledge by reducing specific information from the at-
tention aspect. Additionally, self-adaptive task-specific prompts in ASP

provide specific information and transfer knowledge from old classes to
new classes with an Information Bottleneck learning objective. In sum-
mary, ASP prevents overfitting on base task and does not require enor-
mous data in few-shot incremental tasks. Extensive experiments on three
benchmark datasets validate that ASP consistently outperforms state-of-
the-art FSCIL and prompt-based CIL methods in terms of both learn-
ing new classes and mitigating forgetting. Source code is available at
https://github.com/DawnLIU35/FSCIL-ASP.

1 Introduction

As the world keeps changing over time, the data in the world also continually
changes. Thus, there is a need for machine learning models to follow the data
change and continually learn new classes while preserving the knowledge learned
from previous data, which is called as Class-Incremental Learning (CIL) [26,42,
51,56]. The main challenge of CIL is the catastrophic forgetting problem [11,52]:
a model forgets the previous knowledge after training on new tasks, as the data
from old tasks are not fully available due to reasons like limited storage space or
privacy issues [8,45]. While many CIL methods assume a model can continually
train on new class data with sufficient samples [12,22,24], this assumption does
not hold in many real-world applications. For instance, in the scenario of an
intelligent medical decision system tracking physiological signals, new patients
with limited data must be learned without discarding knowledge from existing
patient data [38]. This task of continually learning new classes with limited data
is called Few-Shot Class-Incremental Learning (FSCIL) [39,41]. FSCIL typically
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involves training a base model using a set of base classes with sufficient samples,
subsequently utilizing the knowledge learned from base classes to facilitate the
incremental learning of new classes with limited samples. Beyond the challenge
of catastrophic forgetting, FSCIL also triggers overfitting on limited training
samples, making it harder for a machine model to learn new classes.

Various works [41] have been proposed to address the FSCIL scenario. Some
of them focus on enhancing base models’ ability to generalize across newly en-
countered few-shot classes [6, 33, 63], while others aim to find a better strategy
to incrementally train on new tasks with limited data [5, 9, 20, 50]. However,
most existing works fine-tune all the parameters in the base model, which leads
to overfitting on base classes and hinders the transferability to new classes. On
the other hand, recent prompt-based CIL methods [34, 53, 54] leverage the in-
herent generalization ability of pre-trained Vision Transformer (ViT) [10] by
fixing the backbone parameters and only training a few new parameters called
prompts [21,55]. They usually learn task-specific prompts via a key-query mech-
anism and store the knowledge of seen tasks in a specialized prompt pool. In this
way, they preserve the knowledge of old tasks without necessitating a rehearsal
buffer to store old data samples. Nonetheless, to train the task-specific prompts,
prompt-based approaches require sufficient data samples from new tasks, which
are not available in few-shot incremental tasks.

In this paper, we propose a novel Attention-Aware Self-Adaptive Prompt
(ASP) framework to overcome the shortcomings of existing FSCIL and prompt-
based CIL methods under the FSCIL setting. Aiming to facilitate the continual
learning of new classes with limited data, ASP leverages the inherent generaliza-
tion capability of the pre-trained ViT and the knowledge learned from sufficient
base classes. Specifically, ASP fixes the ViT backbone and introduces prompts
between attention blocks for adapting to FSCIL tasks, where prompts are de-
composed into attention-aware task-invariant prompts (TIP) and self-adaptive
task-specific prompts (TSP). The attention blocks pay the same attention to
each TIP regardless of the task, encouraging TIP to only contain task-invariant
information that can be universally used for both base classes and new classes.
Unlike the previous key-query mechanics, ASP uses a prompt encoder to convert
input images to prompt features. Inspired by the Information Bottleneck (IB)
theory [2], ASP guides the prompt encoder to generate prompt features that have
a strong correlation with semantic information and a weak correlation with ex-
traneous information contained in images. To further improve the generalization
ability, ASP aggregates prompt features over the training set to prevent over-
fitting on a single input image. For a specific input image, the corresponding
TSP is composed of the average prompt features and its own prompt features.
Consequently, ASP avoids fine-tuning the entire backbone to alleviate overfitting
and circumvents the need of sufficient data to train new TSP for new classes.
Lastly, to further enhance model discrimination, a similarity-based loss is used
to cluster feature vectors to their class centers, where class centers are estimated
by the anchor samples during training.

Overall, our contributions can be summarized as follows:
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• We propose ASP, an innovative prompt-based methodology to address both
the overfitting challenge in existing FSCIL methods and the data-hungry
drawback in existing prompt-based methods under the FSCIL scenario.

• We design attention-aware TIP and self-adaptive TSP to transfer knowledge
from base classes to new classes and alleviate forgetting on old classes.

• Extensive experiments on three benchmark datasets demonstrate that ASP

substantially outperforms SOTA FSCIL and prompt-based CIL methods in
both learning new classes and preserving performance on old classes.

2 Related Work

2.1 Class-Incremental Learning

Non-prompt-based approaches: In general, there are three different settings
of incremental learning: task-, domain, and class-incremental learning(TIL, DIL,
and CIL) [42]. Among all, CIL is considered to be the most challenging sce-
nario [41], which is required to learn new classes without forgetting old ones.
In current CIL works, there are three main directions. The most effective one
is rehearsal methods [4, 30, 31, 48, 49], which build a rehearsal buffer to store
samples from previous tasks. The second direction is to find out important pa-
rameters for the current task and prevent them from changing over incremental
tasks [3, 18, 58]. In addition, a lot of works utilize knowledge distillation to pre-
serve the knowledge of previous tasks to overcome forgetting [14,22,30]. Recently,
some rehearsal-free methods [25,53] have caught people’s attention, as rehearsal
samples are not always allowed to be stored in real-world scenarios [54]. Notably,
ASP also doesn’t need a rehearsal buffer to store any data samples. Typically,
CIL methods require enough training data in each incremental task to learn new
classes, which is not available under the FSCIL scenario.
Prompt-based approaches: Prompt-based methods [21,55] are first proposed
for Natural Language Processing tasks, which can better utilize the pre-trained
knowledge for downstream tasks. The basic idea is fixing the backbone param-
eters and only fine-tuning a few new parameters (prompts) prepend to input
text or images [16]. Recently, prompt-based CIL approaches using ViT back-
bones achieve significant performance in both learning new classes and prevent-
ing catastrophic forgetting. L2P [54] first proposes to use a key-query mecha-
nism to select task-specific prompts from a prompt pool. DualP [53] adds task-
invariant prompts to capture the shared information among tasks. But their
task-invariant prompts still provide much task-specific information and their
task-specific prompts require sufficient training data in incremental tasks. This
would result in significant overfitting to new few-shot incremental tasks because
of the limited availability of new task data, ultimately causing a decline in perfor-
mance for FSCIL. Subsequently, CodaP [34] proposes to train the prompt pool
and selection mechanism in an end-to-end manner. The most recent HideP [46]
decomposes CIL into hierarchical components and optimizes them respectively.
However, all existing prompt-based CIL methods are not suitable under the FS-
CIL scenario, as they all need sufficient data samples in incremental tasks to
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capture task-specific knowledge and store them in prompts. Reversely, ASP does
not need to train new task-specific prompts for new tasks and thus works well
in few-shot incremental tasks.

2.2 Few-Shot Class-Incremental Learning

Few-Shot Class-Incremental Learning (FSCIL) is even more challenging than
normal CIL, as it needs to incrementally learn new classes with limited labeled
data [41]. TOPIC [40] first proposed the FSCIL task, which is required to first
obtain a base model trained on sufficient base classes, then incrementally learn
some new tasks with limited new class data. Current FSCIL methods can be
roughly divided into two groups. The first group aims to utilize base classes to
train a generalized backbone that can be transferred to few-shot incremental
tasks [6,33,63]. The trained backbone is usually kept frozen during the following
few-shot incremental tasks [28, 36, 59]. The second group focuses on the strat-
egy of incrementally learning few-shot new classes without overfitting [5, 9, 20].
These FSCIL methods usually fine-tune all parameters in the backbone when
training on base classes, which leads to overfitting on base classes and hinders
the transferability to new classes. In contrast, ASP fixes the pre-trained backbone
and stores task-invariant knowledge in prompts to overcome this issue. On the
other hand, some recent studies [7, 15, 57] utilize OpenAI CLIP [29] to handle
multi-modal inputs, requiring alignment of features between image and text.
Conversely, ASP employs a ViT backbone with single-modal inputs, simplifying
the training process and enhancing the model’s focus on visual features alone.

3 Preliminaries

Few-shot Class-incremental Learning aims to learn a sequence of tasks
t using their respective data D0, ...,DT . When learning on task t, data from
previous tasks 0, ..., t− 1 are totally unavailable or only partially available, and
the model is required to perform well on all seen tasks 0, ..., t. The training data
in task t is represented as Dt = {(xt,i, yt,i)}

Nt

i=1, where Nt = |Dt| denotes the
size of Dt, xt,i ∈ Xt and yt,i ∈ Yt represent the sample and label, respectively.
The training label spaces between different tasks are disjoint, i.e., for any task
t, t′ ∈ [0, T ] and t ̸= t′, Yt ∩ Yt′ = ∅. The first task has sufficient training data
D0 and is called the base task, while the following incremental tasks can be
denoted as N -way K-shot classification tasks, i.e., N classes for each task and
K samples for each class. A FSCIL model can be decoupled into a backbone fθ
parameterized by θ, and a linear classifier hψ parameterized by ψ. For an input
test data x drawn from all seen tasks, the model tries to predict y = hψ(fθ(x))
which matches the class label.
Prompt-based Approaches for vision tasks typically use a pre-trained vision
transformer (ViT) [10] as the backbone fθ, and the parameter θ are typically
frozen during training to maintain the generalization ability obtained from the
pre-training. A ViT model contains multiple multi-head self-attention (MSA)
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layers, and we denote the input of the lth MSA layer as hl ∈ R
Lh×D, then the

output of this layer is given as:

MSA(hl) = Concat(hl
1, ..., h

l
m)WO

, where h
l
i = Attention(hl

W
Q
i ,h

l
W

K
i ,h

l
W

V
i ) (1)

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (2)

where WO,W
Q
i ,W

K
i ,W

V
i are projection matrices, m is the number of attention

heads and dk is a scaling factor. Among prompt-based approaches, Prompt Tun-
ing (ProT) [16,21] is one of the most commonly used techniques which introduce
a few trainable parameters pl ∈ R

Lp×D as prompts for the lth layer, and these
prompts are prepend to hl:

fProT(p
l
,h

l) = MSA([pl;hl]) (3)

where [· ; ·] denotes the concatenation operation along the dimension of sequence
length. Before the first layer of ViT, an input image is first split as a few patches
and transformed into a sequence-like representation xe ∈ R

Lx×D. For image
classification tasks [16], a class token cls ∈ R

1×D is prepend and the visual
prompts are prepend to form the input of ViT blocks:

x
p = [cls;p0;xe] (4)

Prototypical Network [35] is a widely used approach for few-shot learning
problems. It calculates the mean features ck of a class k and uses it as the class
prototype, i.e., ck = 1

Nk

∑
yi=k

f(xi); where Nk is the number of samples in
class k, and the output feature of the cls token is used as the image embedding.
For a classification task with K classes, W = [c0, c1, ..., cK ] is used as the linear
classifier, and an input sample is classified via the softmax probability with
class prototypes: P (y = k|x) ∝ cTk fθ,p(x). Following works [47, 61], new class
prototypes are append to W to perform classification over all seen classes.

4 Methodology

A base model with good generalization ability is beneficial for adapting to few-
shot new classes [36, 61]. To prevent overfitting on base classes after sufficient
training, and to leverage the generalization ability of pre-trained ViT for learn-
ing new classes with limited data, ASP fixes the pre-trained backbone and learns
prompts that can transfer the knowledge learned from base classes to new classes.
Inspired by DualP [53], we decompose the prompts into attention-aware task-
invariant prompts and self-adaptive task-specific prompts. In Sec. 4.1, ASP main-
tains consistent attention across all task-invariant prompts for any given task,
thereby containing minimal task-specific information. In Sec. 4.2, ASP employs a
prompt encoder to map an input image to TSP leveraging the Information Bottle-
neck theory, which has been proven to enhance generalization ability [23]. Thus,
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Fig. 1: Overall training scheme of ASP for the base task. For incremental tasks where
t > 0, ASP updates only pavg using Eq. (11). Left: The pre-trained backbone re-
mains frozen during training and the prompts are inserted into layers between attention
blocks. The TIP pI are initialized from an attention-aware aspect, while the TSP pS are
derived from the prompt encoder Ep. At the beginning of each training epoch, anchor
images are selected using Eq. (16). Throughout the training, the prompts and Ep are
optimized using IB loss and Anchor loss as specified in Eq. (17). Right: Details of
the prompt encoder Ep. Image features extracted by the frozen pre-trained backbone
are fed to two tiny networks fµ and fΣ . At the start of each training epoch, pavg is
calculated via Eq. (10) using pI and all data in the base task. Within a training epoch,
the output of fΣ contributes to IB loss, while pS results from blending pavg and the
output of fµ, as outlined in Eq. (9).

the prompt encoder can also be used for new class data without further train-
ing. Finally, Sec. 4.3 introduces an Anchor Loss, which enlarges class margins by
pulling class features toward their class centers, thereby further improving model
discrimination ability. ASP only trains the model on the base task using sufficient
data from base classes. Subsequently, the prompts are updated using Eq. (11)
for few-shot incremental tasks. Overall, our training scheme is shown in Fig. 1.

4.1 Attention-Aware Task-Invariant Prompts

Similar to DualP [53], task-invariant prompts are fixed after training on base
classes and used for subsequent few-shot incremental tasks. Despite DualP em-
ploying the same task-invariant prompts for all tasks, it is not true that they
convey identical information across different tasks due to the difference of at-
tention on each prompt token. Consequently, these task-invariant prompts con-
tinue to offer task-specific information. To diminish the task-specific information
stored in prompts, ASP promotes consistent attention weight on each prompt to-
ken. The attention on different tokens can be measured by the attention matrix

A = softmax(QK
T

√
dk

). Denote the ith token in layer hl as ti ∈ R
1×D, the attention

from the ith token to jth token is:

Aij =
exp(tiW

Q · tjWK)∑1+Lp+Lx

m=1 exp(tiWQ · tmWK)
(5)
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Fig. 2: Attention on task-invariant prompts between different tasks. A deeper line color
indicates greater attention. Left: When initialized with different values, attention on
each prompt differs across tasks, thereby providing inconsistent information. Right:

ASP initializes TIP with the same values, ensuring consistent attention across tasks and
providing uniform information.

The attention is conditioned on the value of the prompt token, and the same
attention can be guaranteed if two prompt tokens have the same values. The
simplest way is initializing each prompt token with the same value before train-
ing, and the values will keep the sample during the model update using gra-
dient decent algorithms [32]. In the base class training task, we use prompts
plI ∈ R

LpI
×D where each token is initialized using the same values as the task-

invariant prompt. The comparison between our attention-aware TIP and widely
used randomly initialized prompt is shown in Fig. 2. As plI always contribute
the same to the model output regardless of task and image class, it is encour-
aged to contain knowledge shared among all base classes. This class-invariant
knowledge can also be used for new classes in incremental tasks, thus it is also
task-invariant knowledge. After training on base classes, the TIP are fixed during
few-shot incremental tasks.

4.2 Self-Adaptive Task-Specific Prompts

However, relying solely on TIP may lead to underfitting, as it only considers the
shared attributes across different tasks and ignores the unique attributes. To in-
corporate task-specific information into prompts, prior studies [53,54] introduce
a key-query mechanism to generate task-specific prompts based on input im-
ages. However, these methods require a large amount of training data to capture
the task-specific information and store it in prompts. In contrast, ASP utilizes
a compact neural network as a prompt encoder Ep to convert input images to
task-specific prompts. This prompt encoder is initially trained with sufficient
base class data to acquire encoding capabilities. To ensure these capabilities are
extendable to new classes, ASP enhances the generalization ability of the prompt
encoder by adopting principles from the Information Bottleneck theory [2].
Prompt Learning Objective: Inspired by IB theory [2], we propose the fol-
lowing learning objective for prompt learning:

LIB = I(P;X )− γI(P;Y) (6)
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We utilize the random variable P to represent the latent prompt associated with
input X . The mutual information between the latent prompt P and data labels
Y is denoted as I(P;Y), while I(P;X ) denotes the mutual information between
latent prompt P and input data X . Here, γ is a constant. In Eq. (6), the term
I(P;X ) − γI(P;Y) constitutes the Information Bottleneck (IB) loss. Maximiz-
ing the mutual information between P and Y aims to strengthen the correlation
between them, thereby capturing semantic knowledge. Conversely, minimizing
the mutual information between X and P aims to mitigate the influence of
extraneous information from input X on the prompt P, thereby enhancing gen-
eralization. However, computing the mutual information is generally intractable
since it often necessitates integration over the joint distribution of the involved
variables. This integration poses computational or analytical challenges. Varia-
tional inference offers a framework for approximating these intractable integrals.
We formulate the variational lower bound as follows:

I(P;Y)− ηI(P;X ) ≥
∫

P (x)P (y|x)P (p|x) logP (y|p)dxdydp (7)

− η

∫
P (x)P (p|x) log P (p|x)

r(p)
dxdp

Here, r(p) serves as a variational marginal approximation of the intractable
marginal P (p), and it is chosen as r(p) = N (0, I). The detailed derivation steps
are provided in the Appendix.

We now delve into the calculation of Eq. (7). The term P (y,x) = P (x)P (y|x)
is approximated by the empirical data distribution P (x|y) =
1
N

∑N
n=1 δxn

(x)δyn(y), where δxn
and δyn represent the Dirac delta function. As-

suming the prompt encoder Ep follows the form: P (p|x) = N (p|fµ(x), fΣ(x))
where two fully connected networks fµ and fΣ outputs the K-dimensional mean
µ of p and the K ×K covariance matrix Σ. Then, employing the reparameteri-
zation trick [1,17], we rewrite P (y|x)dp as P (ϵ)dϵ. By calculating the Kullback-
Leibler (KL) divergence between P (p|x) and r(p), and combining all compo-
nents, we obtain the empirical Information Bottleneck loss function as described
in Eq. (8), which we aim to minimize.

LIB = Eϵ∼N (0,I)[− logP (y|(x, ϵ))] +KL(P (p|x)|r(p)) (8)

We use the prompt encoder Ep to convert an image to the corresponding TSP.
Inspired by previous works [53, 54], Ep first uses the pre-trained backbone fθ
to extract the embedding features of input images and then fed to fµ to obtain
prompt features. Aiming to transfer the knowledge learned from base classes to
new classes, the prompt encoder also takes TIP as input to generate TSP. To
further improve the generalization ability of our TSP for new classes, we consider
all prompt features obtained from X0 to provide general information together
with the prompt features of an input image to construct the corresponding task-
specific prompts pS . In this way, pS can avoid overfitting to a single input image
and become easier to generalize to unseen classes. During the base class training
stage, the task-specific prompts for layer l are given as:

p
l
S = αp

l
avg + (1− α)fµ([p

l
I ; fθ(x, ϵ)]) (9)
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p
l
avg =

1

N0

∑
N0

fµ([p
l
I ; fθ(x0)]) (10)

where α is a hyperparameter. plavg is the average prompt features of data in
the base task, which is recalculated at the beginning of each training epoch. For
incremental task t, information of new classes is incorporated into plavg using
Exponential Moving Average (EMA) [60]:

p
l
avg = βp

l
avg + (1− β)

1

Nt

∑
Nt

fµ([p
l
I ; fθ(xt)]) (11)

where β is a hyperparameter to control the adapting speed. To balance the
influence of task-invariant and task-specific prompts, their prompt length is set
as the same, i.e. LpS

= LpI
. Finally, the prompts inserted into layer l is:

p
l = [pl

I ;p
l
S ] (12)

4.3 Anchor Loss

During base classes training, we aim to obtain a feature extractor that can (1)
maximize the distance between inter-class feature embeddings, and (2) minimize
the distance between intra-class feature embeddings. Furthermore, we also want
to obtain a classifier head hψ that can accurately classify these features into class
predictions. Following [28,47], we use a fully connected layer without bias term
as the classifier head hψ, and the prediction is obtained by measuring the cosine
similarity between feature embeddings and weights W in the classifier head:

yk =
WT

k fθ,p(x, ϵ)

||Wk|| · ||fθ,p(x, ϵ)||
(13)

where || · || is l2 normalization. The weight Wk can be seen as the prototype of
class k [24,28]. To separate class features and prototypes, the Cross-Entropy loss
is used in Eq. (8):

LIB = −
1

N

∑

N

log
exp(yk)∑

k′∈K exp(yk′)
+KL(P (p|x)|r(p)) (14)

The Cross-Entropy loss simultaneously pulls class features fθ,p(xk) to its class
prototype Wk, and pushes far away from other class prototypes Wi ̸=k. However,
only the pull action is accurate while the push action may lead the class prototype
to diverge from the class mean and cause misclassification. Similar to previous
works [47, 62], we replace W with class mean c after training on base classes.
Therefore, it is necessary to align class features with their class mean, which can
also reserve places for new classes to improve new class accuracy [36, 61]. For
any input sample, we maximize the cosine similarity between its features and
the corresponding class mean:

Lc = 1− cTk fθ,p(xk)

||ck|| · ||fθ,p(xk)||
(15)
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As the class mean keeps changing during the training process, it is resource-
consuming to compute the accurate class mean after each mini-batch. Thus,
we use an anchor sample to estimate the class mean. At the beginning of each
epoch, the accurate class mean is computed, and the sample that has the largest
similarity with the class mean is selected as the anchor sample for that class:

x̂k = arg max
x∈Xk

cTk fθ,p(x)

||ck|| · ||fθ,p(x)||
(16)

Then the estimated class mean for Lc is ĉk = fθ,p(x̂k). The training loss is:

L = LIB + λLc (17)

where λ is a hyperparameter.

5 Experiments

In this section, we first introduce the experiment details of FSCIL, including
datasets, evaluation protocol, training details, and baseline methods. Subse-
quently, we compare ASP with baselines on three benchmark datasets, which
show the effectiveness of ASP. In addition, the ablation study verifies the effec-
tiveness of different components in ASP. Lastly, we provide more experimental
results for further analysis. We will release our code after the paper decision.

5.1 Implementation Details

Datasets: Following FSCIL works [47, 61] and prompt-based CIL works [37,
46,53], we evaluate the performance on CIFAR100 [19], CUB200-2011 [43], and
ImageNet-R [13] dataset. Similar to prior studies [47, 61], the datasets are split
to form the FSCIL tasks. In detail, CIFAR100 is divided into 60 base classes
and 40 new classes. The new classes are further divided into eight 5-way 5-shot
incremental tasks. CUB200 and ImageNet-R are divided into 100 classes for the
base task, and the left 100 classes are divided into ten 10-way 5-shot incremental
tasks.
Evaluation protocol: Following previous works [6,39,61], we denote the Top-1
accuracy on all seen tasks 0, ..., t after the t-th task as At. The average accuracy

Aavg =
∑T

t=0
At

T+1 measures the overall performance during all incremental tasks.
And the forgetting phenomenon is measured by the performance dropping rate
(PD), i.e., PD = A0 − AT , where 0 stands for the base task and T stands for
the last task. Furthermore, Harmonic Accuracy (HAcc) [28] is used to reflect
the balanced performance across both base and new classes after task T : Ah =
2×Ao×An

Ao+An
, where Ao is the accuracy of base class in task 0 and An is the average

accuracy of all classes in tasks t > 0.
Training details: All experiments are conducted with PyTorch [27] on NVIDIA
RTX A6000. We follow works [34, 62] to choose ViT-B/16-1K [10], which pre-
trained on ImageNet1K as the backbone fθ. For all datasets, the input images
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are resized to 224×224 and trained 20 epochs using SGD optimizer. The learning
rate is set as 0.01 for CIFAR100 and CUB200 while 0.03 is used for ImageNet-R.
We use batch size of 48 for CIFAR100 and batch size of 24 for both CUB200 and
ImageNet-R. The prompt token length Lpg = Lpd of 10 is used for ImageNet-R,
and 3 for CIFAR100 and CUB200. All experiments are run using three random
seeds and the average results are reported.
Baselines: We first compare two widely used CIL methods iCaRL [30] and
Foster [44]. Besides, we also compare the SOTA FSCIL algorithms: CEC [59],
FACT [61] and TEEN [47]. Lastly, we compare the recent SOTA prompt-based
CIL approaches: L2P [54], DualP [53], and CodaP [34].

5.2 Benchmark Comparisons

In this section, we report the performance of baselines and ASP under FSCIL
setting. For CIFAR100 and ImageNet-R, the detailed accuracy in each task and
the three evaluation metrics are shown in Tab. 1 and Tab. 2. The detailed perfor-
mance of CUB200 can be found in the appendix. Furthermore, the performance
curves of the Top-1 accuracy At in each incremental task are shown in Fig. 3.

Based on the experimental results on CIFAR100, CUB200 and ImageNet-R,
ASP achieves the best Top-1 accuracy AT of 86.7%, 83.5% and 69.7%, surpassing
the second best by 2.7%, 2.9% and 7.2% respectively. Furthermore, ASP usually
performs the best on At before the last task, except the first task. In the first task,
classical CIL and FSCIL methods fine-tune all the parameters using sufficient
data, thus it is reasonable that they perform better than the prompt-based CIL
approaches. Besides, ASP performs the best on the average accuracy Aavg, which
achieves 89.0%, 83.8% and 75.3% and surpasses the second best by 1.7%, 0.7%
and 9.2% on three benchmark datasets respectively. In addition, ASP achieves
the lowest PD on CIFAR100 and CUB200 while achieving the second lowest on
ImageNet-R. For the HAcc metric, ASP also achieves the best of 85.3%, 83.4%
and 67.0% on three benchmark datasets, which can demonstrate the superiority
of ASP in incrementally learning new classes while preserving performance on
base classes at the same time.

Interestingly, we find that prompt-based CIL approaches learn nearly nothing
about the new classes based on the HAcc metric. We think the main reason
may be the severe overfitting of few-shot data in the classifier head, which is a
fully connected layer. Thus, we replace the original classifier head with the class
mean to form a prototypical network, which is denoted as L2P+, DualP+, and
CodaP+. The HAcc results in Tabs. 1 and 2 show that this modification largely
improves their ability to learn new tasks under the FSCIL setting.

5.3 Ablation Study

We conduct ablation study on three benchmark datasets, and the implemen-
tation details are the same as the setting in Sec. 5.1. To verify the effective-
ness of each component in ASP, we alternatively remove each component from
the framework and measure the average accuracy Aavg. The results are shown
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Table 1: Detailed Top-1 accuracy At in each incremental task, average accuracy
Aavg, performance dropping rate (PD) and Harmonic Accuracy (HAcc) on CIFAR100
dataset. ↑ means higher is better, and ↓ means lower is better.

Method
Accuracy At in each task (%) ↑

Aavg ↑ PD↓ HAcc↑
0 1 2 3 4 5 6 7 8

iCaRL 94.2 88.9 84.7 80.0 74.9 75.6 71.8 68.2 67.1 78.4 27.2 57.5
Foster 94.2 88.3 81.6 77.0 72.8 67.9 64.4 60.9 58.3 73.9 35.9 11.0

CEC 91.6 88.1 85.3 81.7 80.2 78.0 76.5 74.8 72.6 81.0 19.0 64.1
FACT 91.0 87.2 83.5 79.7 77.2 74.8 73.1 71.6 69.4 78.6 21.7 55.5
TEEN 92.9 90.2 88.4 86.8 86.4 86.0 85.8 85.1 84.0 87.3 8.8 81.2

L2P 92.2 85.2 79.2 73.8 69.2 65.1 61.4 58.1 55.2 71.1 37.0 0.0
DualP 91.8 84.7 78.6 73.3 68.7 64.6 61.1 57.8 54.9 70.6 36.9 0.1
CodaP 93.4 86.2 80.1 74.7 70.1 66.0 62.3 59.0 56.0 72.0 37.4 0.0
L2P+ 84.7 82.3 80.1 77.5 77.0 76.0 75.6 74.1 72.3 77.7 12.4 68.0
DualP+ 86.0 83.6 82.9 80.2 80.6 80.2 80.5 79.0 77.4 81.1 8.5 75.3
CodaP+ 86.0 83.6 81.6 79.2 79.1 78.5 78.3 77.0 75.4 79.9 10.6 72.2

Ours 92.2 90.7 90.0 88.7 88.7 88.2 88.2 87.8 86.7 89.0 5.5 85.3
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Fig. 3: Detailed Top-1 accuracy At in each incremental task on three benchmark
datasets. ASP outperforms baselines in most tasks.

in Tab. 3, where ours w/o TIP refers to removing the attention-aware task-
invariant prompt pI from our framework, ours w/o TSP refers to removing the
self-adaptive task-specific prompt pS from our framework, ours w/o Lc refers
to removing the anchor loss Lc from our framework. Finally, ours w/ Diff TIP
means we use a Gaussian distribution to initialize different values for each task-
invariant prompt. The results show that removing any component leads to a
performance drop in the average accuracy Aavg, which demonstrates the effec-
tiveness of our design.

5.4 Further Analysis

Hyper-Parameter: We conduct sensitive analysis of α, β, λ and prompt length
Lg = Ld. The same experimental setting of 10-way 5-shot is used on the ImageNet-
R dataset and the results are shown in Fig. 4. To achieve the highest Aavg, we
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Table 2: Detailed Top-1 accuracy At in each incremental task, average accuracy
Aavg, performance dropping rate (PD) and Harmonic Accuracy (HAcc) on ImageNet-R
dataset. ↑ means higher is better, and ↓ means lower is better.

Method
Accuracy At in each task (%) ↑

Aavg ↑ PD↓ HAcc↑
0 1 2 3 4 5 6 7 8 9 10

iCaRL 80.6 69.2 59.0 52.8 49.4 45.5 42.8 42.3 40.5 40.1 39.4 51.0 41.2 36.1
Foster 85.8 78.8 71.8 67.4 63.1 58.5 55.9 53.8 51.5 49.3 47.0 62.1 38.7 36.8

CEC 79.4 71.9 69.0 64.1 60.4 58.6 56.4 53.2 52.0 50.0 48.3 60.3 31.1 32.6
FACT 79.4 72.5 69.0 63.8 60.1 57.6 54.7 52.2 50.2 48.1 46.0 59.4 33.4 22.3
TEEN 84.6 76.7 68.8 67.6 64.3 60.6 58.3 56.1 56.1 54.7 54.9 63.9 29.7 45.4

L2P 80.4 73.0 67.8 62.3 58.0 55.1 52.0 48.3 45.8 42.9 40.6 56.9 39.8 1.0
DualP 75.6 68.5 63.8 58.7 54.7 52.2 49.4 46.0 43.8 41.1 39.0 53.9 36.7 2.7
CodaP 82.1 74.4 69.4 64.1 59.8 57.1 53.9 50.5 48.2 45.3 43.2 58.9 38.9 6.5
L2P+ 73.9 70.9 69.3 65.9 64.0 62.6 60.1 59.5 59.0 58.2 56.8 63.7 17.2 52.0
DualP+ 71.5 69.0 69.0 67.4 66.6 65.9 64.1 64.0 64.0 63.4 62.5 66.1 9.0 61.6
CodaP+ 74.4 69.3 67.7 63.7 62.0 61.3 58.5 58.2 57.5 54.7 55.3 62.0 19.1 54.5

Ours 83.3 80.4 79.6 77.0 75.6 74.7 73.0 72.1 71.9 70.9 69.7 75.3 13.5 67.0

Table 3: Ablation study of removing each
component from ASP respectively. The av-
erage accuracy Aavg is reported on three
benchmark datasets.

Methods
Aavg

CIFAR100 CUB200 ImageNet-R

Ours w/o TIP 88.5 83.4 72.2
Ours w/o TSP 88.1 83.0 73.9
Ours w/o Lc 88.6 83.2 74.5
Ours w/ Diff TIP 87.6 82.6 73.3

Ours 89.0 83.8 75.3

Table 4: Influence of the Incremental
Shot on average accuracy Aavg on three
benchmark datasets.

Methods
Aavg

CIFAR100 CUB200 ImageNet-R

1-shot 82.9 78.6 69.3
5-shot 89.0 83.8 75.3
10-shot 90.0 85.3 76.6
20-shot 90.3 85.8 77.4

choose α = 0.8, β = 0.99 and λ = 0.1 for all benchmark datasets. The prompt
length is set as 3 for CIFAR100 and CUB200 while is set as 10 for ImageNet-R.

Incremental Shot: ASP learns new classes using K-shot data, and we change
the shot to find out the data influence on the average accuracy Aavg. The ex-
perimental setting is the same with Sec. 5.2 and 1, 10, 20-shot of new classes
are provided in incremental tasks on three datasets. The results in Tab. 4 show
that more available samples per class in incremental tasks can help improve the
model performance. However, we also find that the performance improvement
becomes smaller as we increase shot K.

Task-Specific Prompts: The effectiveness of the self-adaptive task-specific
prompts module is validated in Sec. 5.3, and we provide further analysis to
evaluate the importance of the average prompt features pavg in Eq. (10) and the
EMA in Eq. (11). We remove pavg by setting α = 0 and don’t update pavg for
new tasks by setting the EMA parameter β as 1. Based on the results in Fig. 4,
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Fig. 4: Sensitive analysis of α, β, λ and prompt length Lg = Ld. The average accuracy
Aavg is reported on ImageNet-R datasets.

both cases lead to performance drop on Aavg, PD and HACC, which validates
the effectiveness of pavg and EMA.
Base&New Class Accuracy: Except HAcc metrics, we provide the detailed
accuracy of the base classes from task 0 and the new classes from task t > 0 after
the last task T . The results are shown in Fig. 5. ASP outperforms all baselines
in terms of learning new classes using few-shot data while achieving competitive
performance in maintaining performance on base classes.
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Fig. 5: Comparison of baselines and ASP on detailed accuracy of base and new classes
after the last task. ASP outperforms all baselines in terms of learning new classes while
achieving competitive performance in maintaining performance on base classes.

6 Conclusion

In this work, we first point out the limitations of applying existing FSCIL meth-
ods and prompt-based CIL methods on FSCIL scenarios with large vision mod-
els. We further propose a new framework called ASP to learn generalized prompts
to leverage the generalization of pre-trained ViT for incrementally learning new
classes with limited data. Under the FSCIL setting, ASP outperforms baseline
methods from classical CIL, FSCIL, and prompt-based CIL on three benchmark
datasets.
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