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Abstract

Class-incremental learning (CIL) requires a model
to learn new classes sequentially without forgetting old
ones. A Kkey limitation of current VLM-based CIL
methods lies in their assumption of balanced data—
an assumption that fails in practice, leading to se-
vere performance degradation and exacerbated forget-
ting when data follows a long-tailed distribution. In
this work, we investigate the long-tailed class incre-
mental learning (LT-CIL) problem within the vision-
language framework of CLIP for the first time. Our
proposed method, Memory-Aware Replay and Loss Bal-
ance, dubbed MARBLE, addresses the dual challenges of
LT-CIL. To achieve a performance-efficiency trade-off,
we introduce a memory-aware replay mechanism that
strategically selects classes for rehearsal based on his-
torical fragile class-wise performance and distribution
statistics. Furthermore, to counteract the compounded
data imbalance arising from both new task and replayed
data, we employ an adaptive loss re-weighting strat-
egy that dynamically balances the learning signal across
head and tail classes. Extensive results show that our ap-
proach significantly outperforms existing benchmarks
in diverse LT-CIL settings.

Keywords: Vision-Language Model, Class Incremental
Learning, Long-Tailed Learning, Prompt Tuning

1. Introduction

Class-incremental learning (CIL) has emerged as a criti-
cal paradigm for enabling models with the ability of learn-
ing from continuously evolving environments [18, 36]. CIL
requires a model to learn from a sequence of tasks where
each task contains new classes, while retaining performance
on all classes encountered in previous tasks. The core
challenge in CIL is catastrophic forgetting, a phenomenon
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Figure 1. Illustration of long-tailed class incremental learning.

where the model’s performance on old classes drastically
deteriorates as it adapts to new data. Endeavors have been
made to address this challenge, and existing methods can
be broadly categorized into three groups: Regularization-
based methods [18, 27, 39, 1, 36, 8, 29, 40], which impose
constraints on parameter updates to protect acquired knowl-
edge; Memory replay-based methods [2, 4, 24, 22, 5, 30],
which retain a subset of past exemplars in a memory
bank and replay them during new task training phases for
rehearsing previously learned patterns; and Architecture
expansion-based methods [23, 17, 20, 32, 10, 9, 38], which
dynamically expand the network’s capacity by adding new
parameters or sub-networks for incoming tasks. Con-
currently, the emergence of large-scale pre-trained vision-
language models (VLMs), notably CLIP [26], has facili-
tated the extension of CIL into the multimodal domain. Pi-
oneering studies such as [33, 14] have explored the use of
prompt tuning [ 1 5] to adapt pretrained CLIP for incremental
learning scenarios. These VLM-based CIL methods have
demonstrated superior performance, which can be largely
attributed to the highly transferable visual-semantic repre-
sentations acquired during large-scale pre-training. These
representations provide the model with a robust prior for vi-
sual recognition, establishing a strong foundation for CIL.



However, a common and often impractical assumption of
existing works is that data within each incremental task is
balanced across classes. This limits the practical applicabil-
ity of these methods, as real-world data streams are always
characterized by long-tailed distributions. For instance, a
wildlife monitoring system learns to identify new species
over time, but endangered species will have drastically
fewer sightings than common species (illustrated in Fig-
ure 1). The more challenging and practical problem of long-
tailed class-incremental learning (LT-CIL) remains largely
unexplored within the VLM-based CLIP framework.

The LT-CIL scenario introduces a dual imbalance that
exacerbates catastrophic forgetting. First, inter-task imbal-
ance exists, where the volume of training data varies signif-
icantly across different tasks. Second, intra-task imbalance
prevails, where the data within each task follows a long-
tailed distribution (we present an illustration of two types
of LT-CIL in Section 3.1). This results in a compounded
effect: the model’s tendency to favor head classes in the
new task accelerates the forgetting of tail classes from pre-
vious tasks. Therefore, the long-tailed nature not only exists
within tasks but also intensifies the inherent challenge of
catastrophic forgetting across tasks. Recently, some works
have studied the LT-CIL problem. For instance, [34] con-
structs sub-prototype space for knowledge integration and
[12] re-weights gradients to pursue a balanced optimization.
However, these approaches are confined to the traditional
CIL framework, relying on convolutional neural networks
trained from scratch, which overlooks the significant poten-
tial of large-scale pre-trained models like CLIP. Our work
bridges this gap by studying how to leverage the robust prior
knowledge of VLMs to develop a more effective and equi-
table learning system that is resilient to the dual challenges
of long-tailed and incremental data.

To address the LT-CIL problem within the vision-
language paradigm, we propose Memory-Aware Replay
and Loss Balance, short as MARBLE. MARBLE has two ma-
jor components to tackle catastrophic forgetting and data
imbalance in LT-CIL concurrently. First, a memory bank is
maintained to preserve historical exemplars for all seen his-
torical classes. Furthermore, to navigate the performance-
efficiency trade-off, we introduce a principled replay crite-
rion that selects classes from the memory bank for rehearsal
by jointly considering their historical performance (to iden-
tify fragile knowledge) and their distribution statistics (to
harmonize the current task’s imbalance). Second, to address
the inter- and intra-task imbalance, we employ an adap-
tive loss re-weighting strategy to dynamically assign loss
weights to samples of different classes, thereby balancing
the gradient contributions from both head and tail classes.
These two modules work in concert to provide a unified so-
lution for the LT-CIL problem. The design of MARBLE is
agnostic to specific CLIP finetuning methods, making it an

orthogonal component that can be readily incorporated into
established baselines to enhance their performance towards
the LT-CIL challenge. Extensive experiments on CIFAR-
100 and ImageNet-Subset demonstrate that our proposed
method outperforms existing benchmarks by a large margin
in the LT-CIL setting.

The contributions of our work are summarized as fol-
lows:

e We identify and investigate the challenging yet prac-
tical long-tailed class incremental learning problem
within the vision-language model paradigm for the
first time.

* We propose a novel framework MARBLE, which fea-
tures memory-aware replay and adaptive loss balance
modules to concurrently address the catastrophic for-
getting and imbalance issues in the LT-CIL setting.

* We conduct extensive experiments on two benchmarks
and achieved outperforming performances on multiple
long-tailed settings compared with existing baselines.

2. Related Work
2.1. Long-Tailed Class Incremental Learning

Class incremental learning (CIL) is a subfield of contin-
ual learning. It aims to continuously learn knowledge from
a stream of data with an expanding number of classes. The
core challenge of CIL is catastrophic forgetting: the ten-
dency for performance on old tasks to degrade when train-
ing on new ones [25].

Standard CIL. Existing class incremental learn-
ing methods can be categorized into three groups:
regularization-based methods, memory replay-based
methods, and architecture expansion-based meth-
ods.  Regularization-based methods aim to constrain
the change of the model’s parameters. For example,
[18, 27, 3, 36, 8, 29] apply knowledge distillation to the
output logits or embeddings to maintain the consistency of
model parameters. Memory replay-based methods adopt an
external memory bank to store samples of historical tasks,
and they are combined with the new task data for training
to strengthen the model’s performance on previous tasks.
Some methods select samples based on class mean [2, 4]
or via meta-learning[21]. Architecture expansion-based
methods [23, 17, 20, 37, 32] gradually increase the size of
the model to isolate the parameters for different tasks to
ensure previously learned information is unaffected.

Long-Tailed CIL. In our work, we study the long-tailed
CIL problem. Addressing both class incremental learn-
ing and class imbalance problems simultaneously is an in-
tricate task since the imbalanced dataset exacerbates the
catastrophic forgetting problem. Recently, some works
have made endeavors towards this LT-CIL problem. [19]



first studies the LT-CIL problem and proposes a two-stage
framework to address the imbalance problem. [34] con-
structs a sub-prototype space to integrate knowledge from
different classes, and [12] investigates the gradients and
proposes to reweight the gradients towards balanced opti-
mization and unbiased classifier learning. However, these
works are based on the traditional convolutional neural net-
work backbone, where the model is trained from scratch.
Our work differs from theirs in that we study the LT-CIL
problem for pretrained vision-language models for the first
time.

2.2. Prompt Tuning for Class Incremental Learning

Prompt tuning [15] is a popular method to fine-tune
a pretrained model. It attaches learnable parameters
as prompts during the training phase to adapt the pre-
trained model to downstream tasks. The advent of Vision-
Language Models (VLMs) like CLIP [26] has demonstrated
remarkable performance across various vision tasks. Some
works have leveraged prompt tuning with CLIP for contin-
ual learning. For example, [33] firstly proposes the concept
of textual attribute prompts to encode the common knowl-
edge for different classes. [14] adopts a probabilistic mod-
eling framework over visual-guided text features. However,
all these works overlook the class-imbalanced data distribu-
tion problem, where the catastrophic forgetting problem in
minority classes is exacerbated in this case. Our work si-
multaneously addresses the class-incremental learning and
class imbalance within the CLIP framework.

3. Method

In this section, we first clarify the problem setting of
the LT-CIL, and the preliminaries of CLIP prompt tuning.
Then, we elaborate on the two key components in our pro-
posed method MARBLE.

3.1. Preliminary

Long-Tailed Class Incremental Learning. The goal of
class incremental learning is to learn from a sequentially
arriving tasks {D!, D? ... DT}, without forgetting old
knowledge. The intersected class label set between any two
tasks is empty C™ N C"™ = ), i.e., each task has its unique
training classes. For the ¢-th task D = {(z;,y;)},, the
model trains on the n; training classes with label set C?,
while the data of previous tasks {D*, D2, --- , D!~1} are no
longer available. After the model is trained on task D¢, it is
evaluated on the test set of the current task and all previous
tasks, i.e., the label set of the test setis C1 U---UCt—1U(Ct.
Moreover, our setting is task-agnostic, meaning the task ID
is not accessible at inference time.

In this work, we specifically focus on the long-tailed
CIL setting (LT-CIL), where the number of training data
for different classes is imbalanced. Following previous

works [19, 34], we consider two LT-CIL settings: Ordered
LT-CIL and Shuffled LT-CIL. As illustrated in the Figure 2,
they exhibit distinct data distributions. The ordered scenario
constitutes a sequential structure where the sample size de-
creases monotonically across tasks, forming an explicit long
tail. The shuffled scenario demonstrates a non-sequential
pattern, as the training samples are randomly allocated, re-
sulting in an irregular long-tail distribution.

Ordered LT-CIL Shuffled LT-CIL

Number of Samples

Task 1 Task2 Task3 Task4 Task5 Task1 Task2 Task3 Task4 TaskS5
Figure 2. Illustration of Ordered and Shuffled LT-CIL.

Prompt Tuning for CLIP. CLIP [26] aligns visual and
linguistic embeddings in a shared feature space. CLIP has
an image encoder f7 and a text encoder fr. For zero-shot
classification, a set of hand-crafted prompts, typically like
“a photo of a [CLASS]”, are created by inserting each class
name into the template. The text encoder converts these
prompts into a set of vectors {tci,tca, - ,tcx} for K
classes. The probability that an image « (encoded as f7(x))
belongs to class k is given by:

exp(sim(fr(x),te)/T)
S exp(sim(fr(x), te;) /)

where the sim(-) is the cosine similarity and 7 is a tempera-
ture parameter.

To further improve the performance of CLIP on down-
stream tasks, instead of using a fixed template, prompt
tuning [41] introduces a set of continuous context vectors
{p1,p2, - ,pm} as learnable parameters. Denote tp, =
concat(py, pa, - , Pm, €k ), Where ey, is the embedding of
the class £’s name. The class-specific text representation
thus becomes fr(tpy). These vectors are optimized on
task-specific data to minimize the classification loss.

ply = klz) = (1)

3.2. Overview of MARBLE

The illustration of MARBLE is shown in Figure 3. There
are two key components in MARBLE. During the task se-
quences, we maintain a memory bank for storing historical
exemplars. For the training of the current task, we balance
the contribution of different classes by reweighting the loss
per class (loss balance training). After training, we select
samples from the memory bank (through memory-aware re-
play) for the rehearsal of the incoming task. For simplicity,
we first elaborate on the memory-aware replay module for
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Figure 3. Illustration of MARBLE.

selecting data for rehearsal, and then introduce our loss bal-
ance training.

3.3. Memory-Aware Replay

Memory replay has been established as one of the most
effective strategies to mitigate catastrophic forgetting in
class-incremental learning. A common premise in conven-
tional CIL settings is that the storage cost of maintaining
a memory buffer is the primary constraint. Consequently,
most existing methods operate under a fixed memory bud-
get. However, within the vision-language framework of
models like CLIP, we argue that storing exemplars for his-
torical classes is relatively inexpensive, while the compu-
tational cost of replaying these samples during the training
of new tasks becomes the dominant bottleneck. Motivated
by this, we propose a memory-aware replay strategy. In-
stead of adhering to a fixed budget, we maintain a mem-
ory bank that preserves a few exemplars for all previously
seen classes. Furthermore, we introduce a principled crite-
rion specifically designed for LT-CIL to selectively choose
a subset of classes from this memory bank for replay.

Formally, after learning the ¢-th task, we randomly sam-
ple S exemplars per class from the current task’s class set
C! to form H!. We incorporate these sampled data into the
memory bank M1 = M! U H!. Thus, M!*! contains
exemplars from all seen classes ' = U!_,C?. Concur-
rently, we evaluate the model on the memory bank M!*1
and record the class-wise accuracy for each class k € C',
denoted as A’. A lower accuracy Al indicates more fragile
knowledge of class k, suggesting a higher need for rehearsal
in subsequent tasks.

Simultaneously, to quantify the long-tailed characteris-
tic, we maintain a record of the number of training samples
seen for each class & up to task ¢, denoted as n}.. The im-
balance ratio for class k is defined as:

Nt

Ve = log(—), 2

nt

g,
where Ny = Y, 1. 0, is the total number of all train-
ing samples seen so far. A higher 7/ indicates that class &

is more scarce in the training data and thus requires more
attention.

To integrate these two factors, we design a selection in-
dicator I}, for each class k by combining the fragility and
the imbalance ratio:

Iy = (1= AL) X . 3)

This indicator is then normalized across all classes to form
a probability distribution, dictating the probability of each
class being selected in the memory bank M+ for replay
in the next task:

t
Pl= e )
ZJGCl it IJ

To balance the effectiveness and computational cost dur-
ing training, we set a maximum number of classes, R4z, to
be replayed from M for each task. For example, for the new
task (¢t + 1)-th, we sample at most R, ., classes from C'*
according to the above probability distribution, and replay
all the stored exemplars of these selected classes (denoted
as £'1) in the new task.

3.4. Loss Balance Training

During the training phase of the (¢ + 1)-th new task, the
training dataset is composed of replayed exemplars and the
current task data, denoted as £/F1 U D*T1. This combined
dataset exhibits a compounded imbalance stemming from
two sources: (1) the intrinsic long-tailed distribution present
in the original new task data, as illustrated in Figure 2, and
(2) the extrinsic imbalance introduced by the limited re-
played data. This dual imbalance causes the gradient-based
optimization to be biased, hindering the learning of diverse
classes.

Inspired by prior work on addressing class imbal-
ance [0], we adopt a re-weighting strategy to adjust the con-
tribution of each class to the total loss. Formally, for the
combined training set £+ U D', we denote n}"" as the
number of training data for class k. To alleviate the data im-
balance issue, we assign a loss weight w} ™! to class k based
on the effective number of samples:

Wk T T ®)

where 3 € [0,1) is a hyperparameter that controls the de-

gree of overlap in the data representation A class with a
it

smaller effective number of samples (2=2—— ﬁ ) is assigned
a higher weight witt.
Final ObJectlve. Hence, the final objective for new task

training can be formulated as follows:

t+1
Efinal - Z

(zi,y:)€(EHIUDHHT)

wy L (@i, yi),  (6)



where £(x;,y;) is the per-sample loss:

eXp(fI(xi)va(tpyi))/T )
S exp(fr(@0), fr(tp;))/T

K is the total number of classes in £F1 U D!t!, and

fr(tp;) = fr(concat(pi, p2,--- ,e;)) is the text represen-
tation of class k, as elaborated in Section 3.1.

L2, y:) = —log

3.5. Complete Algorithm

The complete algorithm of our proposed MARBLE is
summarized in Algorithm 1. For the t-th task, we train the
model with the replay data £ (obtained after the previous
(t — 1)-th task training) and ¢-th task training data D?. After
loss balance training, we obtain the replay data £¢+! for the
incoming (¢ + 1)-th new task through the memory-aware
replay module.

Algorithm 1 MARBLE

Input: Memory bank M?, Replay data for ¢-th task ¢, ¢-th
task training data D*
Output: New Memory Bank M!*1, Replay data for (t+1)-
th task £¢F!
1: Train CLIP with Eq. 6 > Loss balance training
2: Randomly sample S exemplars per class from D! as
H!. Obtain the new memory bank M*+t1 = M? U H?
for each class k in M**! do > Memory-aware replay
Calculate indicator Z}, by Eq. 3
end for
Sample R, classes from class label set C** by Eq. 4
return Replay dataset £/F*

NN hw

4. Experiments

In this section, we first elaborate on our experiment set-
tings. Then, we compare our proposed MARBLE with base-
lines in diverse LT-CIL settings. Finally, we conduct abla-
tion studies of key components of MARBLE to evaluate their
effectiveness.

4.1. Experiments Settings

Datasets. Following previous work [33], we perform
our experiments on two standard benchmarks, including
CIFAR-100 [16] and ImageNet-Subset with 100 classes [7].
Each benchmark contains 100 classes in total. In our main
results, we split them into 5/10 tasks, where each task con-
tains 20/10 classes. We create the long-tail CIL setting by
deleting samples for some classes according to different im-
balance rates p € {0.1,0.01,0.001}. The imbalance rate
can be formulated as p = ”“"" , where ngax and npy,;, are
the maximum and minimum number of training data for all
classes respectively.

Evaluation Metrics. We use the standard metric in class
incremental learning to measure the performance: average
accuracy. More specifically, after the model is trained on
the i-th task, we evaluate the model’s performance on the
test set of all previous tasks. Formally, we denote the i-th
task trained model’s accuracy on the j-th task (j < ¢) as
a; ;. In our main results, we split the whole benchmark into
T = 5/10 tasks. Hence, the reported metric is:

T
ar = E ar,;-
j=1

Compared Baselines. Our method is orthogonal to the
CLIP-based finetuning methods, including prompt tuning.
Hence, to evaluate the effectiveness and flexibility of our
method, we combine MARBLE with existing methods, in-
cluding CoOp [41] and AttriCLIP [33]. CoOp adopts the
same prompts for all the training data, and AttriCLIP adopts
an attribute bank and proposes to adaptively choose differ-
ent prompts for each training data. We additionally pro-
vide the zero-shot results of Continual-CLIP [3 1] for a more
comprehensive comparison.

Implementation Details. For Continual-CLIP, CoOp
and AttriCLIP, we adopt the ViT-L-14 [26] as the back-
bone. All methods are evaluated under the task-agnostic
setting, meaning the task ID is not known during testing.
For each task, we train the model for 5 epochs, and adopt
the SGD and optimizer with the learning rate to be 0.001.
For the memory-aware replay, we store S = 20 exemplars
per class into the memory bank. For replay, we select at
most R4, = 40 classes of samples. In loss balance train-
ing, we set the 3 as 0.9 for all benchmarks.

4.2. Main Results

We evaluate our method in diverse long-tailed CIL set-
tings. The results are reported in Table 1 and Figure 4.

Intensified Forgetting in LT-CIL. Our results first re-
veal a pronounced phenomenon of intensified catastrophic
forgetting under the LT-CIL setting. As shown in Ta-
ble 1, standard fine-tuning baselines (CoOp, AttriCLIP)
yield only marginal gains or even underperform the zero-
shot Continual-CLIP baseline. In Figure 4, we observe a
severe accuracy drop of these baselines. This clearly indi-
cates that their effectiveness is significantly hampered by
the long-tailed data distribution, underscoring the unique
challenge posed by LT-CIL.

Results of Ordered LT-CIL. As presented in Table 1
(upper part), our method consistently enhances the perfor-
mance of existing baselines across various imbalance ra-
tios. The improvement is particularly pronounced in cer-
tain cases. For instance, when integrated with AttriCLIP
on ImageNet-Subset (p = 0.1, T' = 10 tasks), our ap-
proach elevates the average accuracy to 82.5% from the



Ordered LT-CIL

CIFAR-100 ImageNet-Subset
Methods p=0.1 p=0.01 p=0.001 p=0.1 p=0.01 p=0.001
5tasks 10 tasks 5tasks 10 tasks 5 tasks 10 tasks| 5tasks 10 tasks 5 tasks 10 tasks 5 tasks 10 tasks
Continual-CLIP 66.7 66.7 66.7 66.7 66.7 66.7 70.1 70.1 70.1 70.1 70.1 70.1
CoOp 70.6 70.5 75.4 75.4 72.9 75.8 80.9 75.3 76.1 80.2 71.5 79.3
CoOp+MARBLE  80.2 +9.6 80.5 +10.0 79.9 +4.5 79.7 +4.3 76.7 +3.8 77.9 +2.1{83.0 +2.1 83.9 +8.5 85.0 +8.9 83.7 +3.5 81.4+9.9 80.8 +1.5
AttriCLIP 71.8 72.7 73.3 73.4 73.0 73.6 80.1 70.1 76.5 72.7 72.3 76.1
AttriCLIP+MARBLE 80.5 +8.7 80.2 +7.5 80.4 +7.1 79.7 +6.3 77.3 +4.3 78.0 +4.4/83.6 +3.5 82.7 +12.6 84.5 +8.0 84.5 +11.8 78.9 +6.6 78.2 +2.1
Shuffled LT-CIL
CIFAR-100 ImageNet-Subset
Methods p=0.1 p=0.01 p=0.001 p=0.1 p=0.01 p=0.001
S5tasks 10 tasks 5tasks 10 tasks 5 tasks 10 tasks| 5tasks 10 tasks 5 tasks 10 tasks 5 tasks 10 tasks
Continual-CLIP 66.7 66.7 66.7 66.7 66.7 66.7 70.1 70.1 70.1 70.1 70.1 70.1
CoOp 68.2 69.3 69.8 73.5 70.3 70.8 72.9 73.2 71.4 71.7 70.1 70.2
CoOp+MARBLE  78.9 +10.7 79.8 +10.5 78.7 +8.9 79.8 +6.3 73.6 +3.3 75.8 +5.0|81.3 +8.4 82.0 +8.8 80.6 +9.2 81.5 +9.8 79.2 +9.1 80.6 +10.4
AttriCLIP 69.1 70.7 69.2 70.8 66.2 69.3 76.2 75.3 71.0 74.2 66.5 72.6
AttriCLIP+MARBLE 79.0 +9.9 80.1 +9.4 78.5 +8.7 79.8 +9.0 75.8 +9.6 78.1 +8.8/86.0 +9.8 81.8 +6.5 80.6 +9.6 82.6 +8.4 76.6 +10.1 79.2 +6.6

Table 1. Average accuracy (%) for Ordered and Shuffled LT-CIL settings. “I" = 5/10 tasks” means that we split the dataset into 7" tasks,
and we report the average accuracy of all tasks after the model is trained on the last task. The red numbers are the absolute increase over
their baselines.
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Figure 4. The accuracies (%) after each task (task 1 to task 10). The first and second graphs show the results for CIFAR-100 and ImageNet-
Subset for CoOp-based methods, respectively, and the third and fourth graphs show the CIFAR-100 and ImageNet-Subset results for
AttriCLIP-based methods, respectively. For all results, the evaluated setting is Ordered LT-CIL (p = 0.1).

baseline 70.1%, representing a substantial gain. Figure 4 CIL than Ordered LT-CIL. Our method narrows this perfor-
provides the accuracies over the complete process of se- mance gap by reweighting the losses of different classes.
quential tasks of Ordered LT-CIL. We can find that for base-

lines, the accuracy drops significantly, especially for the 4.3. Ablation and More Studies

first two tasks, while the drop of our method is more sta- We discuss the effectiveness of each part in our proposed
ble and slower, demonstrating our method’s effectiveness method in this part. All the results in this section are con-
for anti-forgetting in the LT-CIL setting. ducted on CIFAR-100 with T' = 10 tasks if not specif-
Results of Shuffled LT-CIL. We present the results of ically stated. We present the results of CoOp+MARBLE
Shuffled LT-CIL settings in Table 1 (lower part). We can ob- for Ordered LT-CIL with different imbalance ratios p €
serve that our method brings consistent improvements when {0.1,0.01,0.001}.
combined with baselines. Moreover, we find that for base- Ablation Study of Two Modules. MARBLE comprises
lines, the results of the Shuffled LT-CIL setting are worse two major modules: memory-aware replay (MAR) and loss

than those of the Ordered LT-CIL. This may due to the fact balance training (LBT). Here, we study the individual im-
that the intra-task imbalance is more severe in Shuffled LT- pact of these two modules. The results are shown in Table 2.



We can observe that with MAR module alone, our method
achieves competitive results compared with the baseline. To
further examine the effectiveness of the LBT module, we in-
tegrate MAR with existing methods designed to address the
long-tail classification problem, including reweighting with
inverse class frequency [13, 35], and resampling [28, 1 1]. Tt
shows that when MAR is combined with inverse reweight, it
achieves better performance than MAR alone, while resam-
pling brings negligible improvement. The collaboration of
MAR and LBT maximizes the effectiveness of our proposed
MARBLE.

Methods 0.1 0.01 0.001 Avg.

CoOp 705 754 758 739

MAR 76.1 774 765 767
MAR+Inverse Reweight 79.0 78.6 77.2 783
MAR+Resample 7173 768 764  76.8

MAR+LBT (Ours) 80.5 797 7719 794

Table 2. Ablation results (%) with different imbalance ratios p.

Replay Data Selection Criteria. In our Memory-Aware
Replay module, class selection is governed by a composite
indicator (Eq. 3) that integrates class fragility and imbalance
ratio. To evaluate the contribution of each criterion, we con-
duct an ablation study. Results in Table 3 demonstrate that
while each individual criterion outperforms random selec-
tion, their combination yields synergistic effects and leads
to superior performance.

Criteria 0.1 0.01 0.001 Avg.

Random 787 762 753 76.7
Fragility 79.8 79.1 77.1 178.7
Imbalance 79.5 79.2 769 785
Combined 80.5 79.7 779 794

Table 3. Results (%) for different class selection criteria.

Number of Sampled Classes and Stored Samples. In
Figure 5 (left) and Table 4, we study the impact of the
number of replayed classes Rz, reporting both accuracy
and efficiency. The results indicate that as R, increases,
the GPU memory usage and training time increases, and
when R,,.. is beyond 40, the accuracy stops increasing,
suggesting a saturation point in performance. We therefore
set R4 = 40 to strike a balance between performance
and efficiency. Similarly, setting S = 20 achieves opti-
mal performance, while overly small values (e.g., S = 1)
lead to limited improvement due to insufficient representa-
tion of replayed classes. Based on these observations, we
set Rypqzr = 40 and S = 20 in our experiments.

Reweighting Parameter. In our loss-balancing mod-
ule, we employ a re-weighting strategy parameterized by

Riax 10 20 40 50
Accuracy (%) 77.5 77.3 79.4 79.3
GPU memory (MiB) 10686 13438 18850 21138

Training time (min) 73.8 74.4 78.9 82.8

Table 4. Accuracy and efficiency results for different number of
replayed classes Rinaz-

80
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3
N

741

10 20 40 50 1 10 20 40
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Figure 5. Results (%) for different number of replayed classes

(left) and stored samples per class (right). We report the average
result of three imbalance ratios.

B (Eq. 5). As summarized in Table 5, the optimal perfor-
mance is achieved when 5 = 0.9. As § — 1, the weight-
ing converges to inverse class frequency balancing [ 13, 35],
while as 5 — 0, it reduces to uniform weighting (i.e., no
re-weighting). The superior result at 3 = 0.9 suggests a
balanced compromise between these two strategies is most
effective in our setting.

B 0.1 0.01 0.001 Avg.

0.8 785 787 77.1 78.1
09 805 797 7719 794
095 797 79.1 779 789
099 793 798 7677 78.6

Table 5. Results (%) for different 3.

Model Similarity Analysis. To better visualize the ef-
fect of MARBLE, we compute the Euclidean distance be-
tween the learned prompts after training on all sequential
tasks. As illustrated in Figure 6, the prompt parameters of
our method exhibit closer proximity compared to the base-
line CoOp. This observation provides evidence that our ap-
proach enhances knowledge retention from previous tasks,
resulting in more stable prompt learning throughout the in-
cremental learning process.

Discussion on Generalizability. MARBLE comprises
two independent modules: Memory-Aware Replay (MAR),
which performs data-level sample selection for replay,
and Loss-Balance Training (LBT), which performs loss-
level reweighting to mitigate class imbalance. In contrast,
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Figure 6. Prompt distance among models. Left figure is for
CoOp+MARBLE, and right figure is for CoOp. The setting is Or-
dered LT with T" = 5 tasks and p = 0.1.

fine-tuning methods (e.g., prompt-based or adapter-based)
focus on model-level adaptation. MAR and LBT do
not alter the model architecture; rather, LBT adjusts the
classification loss and can be seamlessly integrated into
the training objective of existing fine-tuning approaches.
Therefore, MARBLE is orthogonal to these methods and
holds the potential to improve performance in long-tailed
class-incremental learning when properly combined.

5. Conclusion

In this work, we tackle the challenging yet under-
explored long-tailed class-incremental learning problem
within the vision-language paradigm for the first time. We
propose MARBLE, a novel framework that concurrently ad-
dresses catastrophic forgetting and data imbalance through
two key components: a memory-aware replay strategy for
selective historical knowledge replay, and an adaptive loss-
balancing training mechanism. The collaborative operation
of these modules effectively mitigates the adverse effects
of imbalance and forgetting, leading to significant perfor-
mance gains in diverse LT-CIL settings. This work high-
lights the indispensability of addressing data imbalance for
CIL, taking a step towards more robust and reliable contin-
ual learning systems.

Limitations. We acknowledge several limitations of
this work. First, our evaluation primarily validates the
performance of MARBLE integrated with a limited num-
ber of adaptation methods on CLIP, leaving it to be ex-
perimentally validated for its effectiveness when combined
with a broader range of VLMs and their diverse fine-tuning
approaches. Second, although justified by performance
gains, the computational overhead introduced by our selec-
tive replay mechanism may be restrictive in more rigorous
resource-constrained settings. Addressing these limitations
offers promising directions for future research.
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