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Abstract

Recent advancements in Class Incremental Learn-
ing (CIL) have increasingly harnessed the capabilities of
Vision-Language Models (VLMs), such as CLIP, owing
to their strong generalization performance. However,
VLM-based CIL approaches are particularly vulnera-
ble to catastrophic forgetting due to the parameter adap-
tation that CLIP undergoes with each new task. The
rehearsal mechanism offers a straightforward solution
to mitigate this issue by preserving limited exemplars
from old tasks. Despite its simplicity, this strategy of-
ten leads to bias in the adapted CLIP model, as a re-
sult of the sample size imbalance between old and new
classes. Existing CIL methods typically resort to Long-
Tailed (LT) learning techniques, originally designed to
handle static class imbalance, while overlooking the dy-
namic characteristic of class distribution shifts inherent
to CIL settings. To address this challenge, we propose a
novel Debiased Memory-Calibrated Gaussian Discrimi-
nant Analysis (DMGDA) method for VLM-based CIL.
DMGDA introduces an inverse frequency adjustment
to calibrate the prior probabilities of old classes and
new classes, thereby yielding a non-parametric, debi-
ased classifier that computes classification probability
through Bayes’ theorem. This formulation effectively
addresses the dynamic class imbalance induced by the
rehearsal mechanism, with classifier parameters esti-
mated using the class means and the shared covariance
matrix of the current task. Additionally, an Adaptive
Memory Iteration Strategy within the rehearsal mecha-
nism is designed to enhance the retention of knowledge
from old tasks by adaptively filtering exemplars main-

tained in memory that align with the test distribution
of previously encountered tasks. Extensive experiments
conducted on standard CIL and LT-CIL benchmarks
demonstrate the effectiveness and generalizability of the
proposed approach.

Keywords:  Class Incremental Learning, Vision-
Language Models, Gaussian Discriminant Analysis

1. Introduction

In an increasingly dynamic world, information is gener-
ated in the form of continuous data streams, necessitating
the development of intelligent systems capable of adapt-
ing to novel environments while preserving previously ac-
quired knowledge. This capability, known as continual
learning, refers to a model’s ability to incrementally learn
new tasks without forgetting old ones. The main challenge
in continual learning is catastrophic forgetting [16], a phe-
nomenon in which a model’s ability to recall previously ac-
quired knowledge deteriorates as it learns new information.
The issue of catastrophic forgetting has been extensively
studied in the context of Class Incremental Learning (CIL)
[41, 17, 28], a representative paradigm of continual learn-
ing. The objective of CIL is to incrementally acquire new
knowledge in a task-agnostic manner, i.e., to maintain high
classification performance during inference even when the
task identity of test samples is not provided [43].

CIL methods can be roughly categorized into rehearsal-
based approaches [39, 18, 51, 5] and no-exemplar methods
[1, 40,37, 20]. Rehearsal-based approaches preserve a lim-
ited number of exemplars from old tasks, which are reused
during training to reinforce the model’s retention of pre-
vious knowledge, thereby enhancing its stability. In con-
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Figure 1: (a) We report the performance evolution on CI-
FAR100 with 50 steps, where the introduction of iCaRL ex-
hibits an improvement of 1.51% on average accuracy (Avg)
across all steps. (b) An illustration of dynamic class imbal-
ance on CIFAR100 with 50 steps, where E = |2000/2t]
denotes the sample size of old classes in memory and vari-
able ¢ indicates task identity.

trast, no-exemplar methods mitigate catastrophic forgetting
through alternative techniques such as knowledge distilla-
tion [1], dynamic expansion architecture [40] and regular-
ization [20]. However, rehearsal-based methods generally
achieve superior performance, as no-exemplar methods lack
direct access to prior data, making it more difficult to retain
previous knowledge effectively. Recently, Vision-Language
Models (VLM) have demonstrated powerful transfer ability
by jointly leveraging information from textual and visual
modalities. A notable example is Contrastive Language-
Vision Pre-training (CLIP) [38], a representative vision-
language model trained on 400 million image-text pairs,
which integrates image and text encoders and is renowned
for its strong generalization ability across a wide range of
downstream tasks. CIL methods built within the frame-
work of VLM have achieved state-of-the-art performance,
e.g., MoE-Adapters [49] which augment a frozen CLIP with
lightweight adapter modules. Despite their promise, VLM-
based CIL approaches remain vulnerable to catastrophic
forgetting, primarily due to the continual parameter adapta-
tion that CLIP undergoes during the learning of new tasks.
Within this context, the rehearsal mechanism continues to
be a compelling strategy to alleviate catastrophic forgetting
by selectively retaining limited exemplars from old tasks.

Reviewing the classical rehearsal-based method, iCaRL

[39] introduced a herding algorithm for selecting exem-
plars whose features are closest to the class-wise mov-
ing barycenter, subsequently incorporating them into the
training data via a rehearsal mechanism, which has since
been widely adopted in various approaches [13, 18, 51].
In this work, we apply the iCaRL algorithm to the base-
line model (MoE-Adapters [49]) to leverage the abundant
knowledge preserved within the limited exemplars from old
tasks stored in memory. However, as shown in Fig. 1(a), we
observe that the incorporation of the rehearsal mechanism
into the VLM-based CIL framework yields only limited per-
formance gains. Further analysis reveals a critical limita-
tion: the rehearsal mechanism fails to account for the dy-
namic class imbalance between the new task and old tasks.
As shown in Fig. 1(b), we take CIFAR100 with 50 steps as
an example to illustrate the concept of dynamic class im-
balance. Each step corresponds to an incremental task in-
volving two new classes with 500 training samples, while
exemplars of old classes are stored in memory with a fixed
size 2000. In task ¢, the exemplar size per old class, de-
noted as F, is computed as | 2000/2t]. Therefore, the ratio
between the number of samples in new and old classes is
defined as r = 500/ F, which increases as the task identity
t grows. The class imbalance becomes most severe in task
49, where » = 25. In such cases, the adapted model tends
to be increasingly biased toward the new classes. Given that
CIL requires the model to classify test samples originating
from both old and new tasks during inference, this bias sig-
nificantly impairs the model’s ability to retain previously
acquired knowledge. To address this issue, existing CIL
methods [51, 4, 24] have incorporated Long-Tailed learning
techniques (e.g., Focal Loss [32] and SMOTE [6]), which
were originally devised to mitigate static class imbalance,
yet overlook the dynamic nature of class distribution shifts
intrinsic to CIL settings.

Based on the above analyses, we propose a novel De-
biased Memory-Calibrated Gaussian Discriminant Analy-
sis (DMGDA) approach for VLM-based CIL to address
the challenge of dynamic class imbalance, thereby fur-
ther enhancing model stability, as demonstrated in Sec-
tion 3.4. Additionally, we incorporate an Adaptive Mem-
ory Iteration Strategy (AMI) within the rehearsal mecha-
nism to facilitate the effective retention of knowledge from
old tasks. Specifically, we first fine-tune the lightweight
MoE-Adapters [49] within image encoder and text encoder
to maintain the model’s ability to acquire new knowledge,
i.e., plasticity. Subsequently, DMGDA utilizes inverse fre-
quency adjustment to dynamically calibrate the prior prob-
abilities of old classes and new classes. This calibration
increases the classification probability of underrepresented
old classes, thereby yielding a non-parametric, debiased
classifier. The parameters of this debiased classifier are
non-learnable and are derived from the class-wise means



and the shared class covariance, estimated jointly using the
training data of the current task and the retained exemplars
stored in memory. Both the class means and the shared co-
variance are computed based on image features extracted
by the image encoder, where the covariance matrix is esti-
mated via an empirical Bayes ridge-type estimator. During
inference, the final prediction logits are obtained by fusing
the outputs of the baseline model with those of the non-
parametric debiased classifier, thereby achieving a balance
between plasticity and stability. Moreover, AMI leverages
the semantic similarity between reliable test samples (i.e.,
with high-confidence pseudo-label) and exemplars of the
same class from old tasks as the guidance to identify and
retain pivotal exemplars that closely align with the test dis-
tribution of old tasks. These selected exemplars are subse-
quently combined with those from the current task to up-
date the memory for the next task, thereby promoting sus-
tained retention of previously acquired knowledge. Given
that real-world data typically exhibit greater complexity
and more pronounced class imbalance compared to stan-
dard CIL benchmarks—which often assume uniform class
distributions—we additionally assess the proposed method
on the Long-Tailed Class Incremental Learning (LT-CIL)
benchmark [33], where the data distribution for new tasks
conforms to a long-tailed structure, representing a specific
type of class imbalance. Extensive experiments conducted
on both standard CIL and LT-CIL benchmarks demonstrate
the effectiveness and generalizability of our method.
Our contribution can be summarized as follows:

* We propose the Debiased Memory-Calibrated Gaus-
sian Discriminant Analysis to effectively handle dy-
namic class imbalance by correcting the prior prob-
abilities of old classes and new classes through in-
verse frequency adjustment, thereby obtaining a non-
parametric debiased classifier that substantially en-
hance model stability.

* We design an Adaptive Memory Iteration Strategy in-
tegrated within the rehearsal mechanism. This strategy
adaptively filters exemplars by exploiting their align-
ment with the test distribution of previously seen tasks,
thereby promoting long-term retention of knowledge
from previous tasks.

* Through empirical analysis, we observe that the per-
formance gains of incorporating rehearsal mechanisms
into VLM-based CIL methods are limited. We at-
tribute this phenomenon to the often-overlooked issue
of dynamic class imbalance, and provide an in-depth
explanation based on this observation.

* We conduct comprehensive experiments across both
standard Class-Incremental Learning and Long-Tailed
Class-Incremental Learning benchmarks to rigorously

evaluate the effectiveness and generalizability of the
proposed method.

2. Related Work

2.1. Class Incremental Learning

Class Incremental Learning (CIL) strives to continually
learn new classes over time while retaining knowledge ac-
quired from previously learned tasks. Existing CIL ap-
proaches be broadly categorized into rehearsal-based meth-
ods [39, 18, 13] and no-exemplar methods [ 1, 40, 37, 20].
Rehearsal-based methods select exemplars to store in a
fixed memory budget and incorporate them into subsequent
training phases to mitigate the effect of catastrophic for-
getting. For instance, Rebuffi er al. [39] proposed the In-
cremental Classifier and Representation Learning (iCaRL)
method, which selects limited exemplars using herding al-
gorithm and replays them during future tasks. Douillard
et al. [13] introduced the Task-Attention Block (TAB),
a structure capable of dynamic expansion that adapts to
the task at hand. Gao et al. [18] proposed the Gen-
eral Knowledge Attention Block (GKAB) and the Specific
Knowledge Attention Block (SKAB) to facilitate inter-task
knowledge transfer through memory. Chaudhry ef al. [5]
presented Riemannian Walk (RWalk) to filter out exem-
plars that are either near the classification boundary or ex-
hibit high entropy. Zhao et al. [51] proposed Weighted
Align (WA), which corrects weight bias in the fully con-
nected layer following each task’s training phase. In con-
trast, the no-exemplar methods alleviate catastrophic for-
getting via alternative techniques, such as knowledge dis-
tillation [1], dynamic expansion architecture [40] and reg-
ularization [20]. For example, Asadi et al. [1] proposed
Prototype-Sample Relation Distillation (PRD), which em-
ploys supervised contrastive learning and simulates previ-
ous data distributions by constructing a similarity-based dis-
tillation term using new-task data. Roy et al. [40] in-
troduced a convolution-based reweighting mechanism for
keys, queries, and values within multi-head self-attention
layers of transformer, improving generalization across sim-
ilar tasks. Goswami ef al. [20] proposed the optimal
Bayesian classifier by modeling the covariance relationship
of features and employing class prototypes. Given that
no-exemplar methods generally underperform compared to
rehearsal-based approaches due to the absence of direct ac-
cess to prior data, our proposed method adopts iCaRL [39]
as the rehearsal backbone to reduce catastrophic forgetting.

2.2. Vision-Language Models

Vision-Language Models (VLM) have emerged as a
new paradigm in the development of foundational models.
Among them, Contrastive Language-Image Pre-Training
(CLIP) [38] stands out as a prominent pre-trained model



trained on a large-scale proprietary dataset, demonstrating
strong generalization capabilities across a wide range of
downstream tasks, such as Human Objective Interaction
[35, 45, 54], Semantic Segmentation [50, 47, 55, 19], and
Objective Detection [30, 44]. Recently, increasing atten-
tion has been directed toward adapting VLMs for Class-
Incremental Learning (CIL). For example, Zheng et al. [52]
introduced CLIP into the CIL scenario through knowledge
distillation between a frozen CLIP and a fully fine-tuned
counterpart, achieving promising results. Inspired by the
Mix-of-Experts (MoE) paradigm, Yu ef al. [49] proposed
a dynamic expansion architecture named MoE-Adapters
within the frozen CLIP. This method preserved historical
knowledge by freezing expert modules that were frequently
activated during previous tasks, while learning new expert
modules to adapt to emerging tasks, thereby attaining strong
performance on standard CIL benchmarks. In contrast to
the aforementioned approaches, our DMGDA explores the
potential of the rehearsal mechanism within VLM-based
CIL context. It explicitly addresses the bias introduced
into the adapted CLIP model by dynamic class imbalance,
thereby achieving superior performance.

2.3. Long-Tailed Learning

Long-Tailed Learning aims to mitigate the adverse ef-
fects of class imbalance, and existing methods can be
broadly categorized into data re-sampling approaches [0,

, 3] and loss adjustment techniques [32, 8]. In terms
of data re-sampling, the Synthetic Minority Over-sampling
Technique [6] generates synthetic samples through interpo-
lation between instances of minority classes, thereby equal-
izing the class distribution. For loss adjustment, Focal Loss
[32] modifies the standard loss function by down-weighting
the contribution of easily classified examples, encouraging
the model to focus on harder, misclassified samples. Some
existing CIL methods [51, 4, 48] have adopted such strate-
gies to address class imbalance. However, these methods
generally assume a static imbalance, overlooking the in-
herently dynamic nature of class imbalance in the CIL set-
ting, where the imbalance evolves as new tasks are intro-
duced over time. In contrast, our proposed method explic-
itly addresses this dynamic class imbalance in CIL by dy-
namically calibrating the prior probabilities of old classes
and new classes, yielding a non-parametric debiased clas-
sifier that better preserves knowledge across tasks. To fur-
ther evaluate performance under more realistic, long-tailed
scenarios, common in real-world data but overlooked by
standard CIL benchmarks, Liu et al. [33] introduced the
Long-Tailed Class Incremental Learning (LT-CIL) bench-
mark. Our method achieves strong results on this bench-
mark, demonstrating superior robustness and generalizabil-

ity.

3. Methodology
3.1. Preliminary

In Class Incremental Learning (CIL), the model is
trained sequentially on a series of 7'+ 1 classification tasks,
denoted as {T*}L ,. Tt = {D!, C*} represents the classi-
fication task with the data D* and the corresponding class
set C*. We define the classes in C* as new classes for task
T*, while all previously encountered classes are referred to
as old classes. Each sample in D! is represented as a tuple
(I',y?), where I" is the input image and %? is its associated
ground-truth label. The class set C'* comprises Q' mutually
exclusive classes associated with task 7°¢, and by definition,
the class sets from different tasks are disjoint. In this work,
a fixed-size memory is employed to retain a limited number
of exemplars from previously encountered tasks. Addition-
ally, it is assumed that the model has access to the class
labels of the stored exemplars. Evaluation is conducted cu-
mulatively on the test sets of all tasks encountered so far,
requiring the model to accurately classify samples from the
union of all previously seen classes.

3.2. Overall Framework

As shown in Fig. 2, the overall framework consists
of a baseline model, Debiased Memory-Calibrated Gaus-
sian Discriminant Analysis (DMGDA) and Adaptive Mem-
ory Iteration Strateg (AMI). This debiased classifier de-
rived from DMGDA enhances the prediction of test im-
ages, thereby assisting the AMI within the rehearsal mech-
anism to improve the retention of knowledge from previ-
ous tasks. Conversely, the old exemplars obtained by AMI
enable DMGDA to derive a more powerful debiased clas-
sifier. The baseline model is built on a frozen CLIP aug-
mented with learnable MoE-Adapters [49], which incorpo-
rate new knowledge through a single router and two ex-
perts, such as LoRA [25]. After training at each step,
both the adapted visual encoder and adapted text encoder
are preserved, ensuring the model retains sufficient plastic-
ity for future learning. To seamlessly integrate DMGDA
and AMI within a rehearsal-based paradigm, we introduce
a structured memory design aimed at improving exemplar
management. In task ¢, the memory is organized as a
set of task-specific memory blocks, denoted by M4 =
{MO M*',... M*'}, where each block M* stores exem-
plars from task k. Each memory block M¥ is further di-
vided into block slots, with each block slot S f correspond-
ing to the exemplars of a specific class i € C*. This struc-
tured organization enables class-wise organization and re-
trieval, facilitating more effective memory calibration and
controlled rehearsal.

First, during training on the current task data and exem-
plars stored in the previous memory blocks M, we fine-
tune the MoE-Adapter integrated into the baseline model’s
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Figure 2: The overview of the proposed framework. It consists of a baseline model with two significant components: a
Debiased Memory-Calibrated Gaussian Distribution Analysis (DMGDA) and an Adaptive Memory Iteration Strategy (AMI).
DMGDA addresses dynamic class imbalance in class incremental learning by adjusting the prior probabilities of old and new
classes through inverse frequency adjustment. During this process, DMGDA estimates the class means and the shared class
covariance of the current task, enabling the construction of a non-parametric debiased classifier that further enhances model

stability. AMI within the rehearsal mechanism enhances the

retention of knowledge from previous tasks by adaptively

filtering exemplars that best align with the test distribution of all previously encountered tasks. In this process, AMI reduces
exemplars from previous tasks under the limited memory size and selects representative exemplars from the current task to

be stored in a new memory block.

image and text encoders. This process, guided by the cross-
entropy loss, aims to enhance the model’s plasticity and
its ability to extract discriminative image features. Specifi-
cally, the cross-entropy loss for a training sample I; is de-
fined as follows:

K
g ==Y My, =m}logp(y =m | 1))

m=1

(D

where I{-} denotes an indicator function equal to 1 when
the condition holds, and p(y = m | IE) represents the pre-
dicted probability that sample I;- belongs to class m. These
extracted image features are subsequently utilized to esti-
mate the class means and class shared covariance, form-
ing a non-parametric, debiased classifier through DMGDA.
This component enhances the model’s stability against dis-
tributional drift, as proven in Section 3.4. During inference,
the final logits z; are obtained by fusing the logits z. from
CLIP with the debiased logits z4. from debiased classifier

as follows:

2

where x;.s; denotes the image feature of the test sample,
W . represents the weights of CLIP’s classifier, which are
generated by the text encoder using prompt templates *

photo of a [class]”. W and b denote the weight and bias
of debiased classifier respectively. « is a hyperparameter
controls the contribution of the debiased logits, thereby bal-
ancing the model’s plasticity and stability. Before transi-
tioning to the next task, the rehearsal mechanism employs
the herding algorithm to select a representative set of ex-
emplars from the current task, which are stored in a newly
allocated memory block M?. To further enhance memory
efficiency, AMI analyzes the similarity between the reliable
test samples (i.e., with high-confidence pseudo-label) and
class-matched exemplars retained from previous tasks. This
similarity-guided selection enables AMI to preserve the
most informative exemplars in old memory blocks M9,

2 =2c+ Zge = Tpest W, + a(Tiest W'+ b)



which are then combined with the new memory block M?*
to construct the updated memory for the upcoming task.

3.3. Debiased Memory-Calibrated Gaussian Discrimi-
nant Analysis

To address model bias induced by dynamic class imbal-
ance in continual learning, we adopt Gaussian Discriminant
Analysis (GDA) [2] and extend its application to the Class-
Incremental Learning (CIL) setting. A key insight is that
increasing the prior probability of previously encountered
classes effectively amplifies their influence in the decision
boundary, thereby enhancing the model’s capacity to pre-
serve and discriminate old knowledge. GDA constructs its
classifier by modeling the data distribution for each class
and applying Bayes’ theorem to derive classification proba-
bilities. In the context of CIL, the classification probability
can naturally be computed using the distributions of the cur-
rent task’s training data and the stored exemplars in mem-
ory, along with their prior probabilities.

, p(zly = i)p(y = i)
= = 3
Py =ile) A+ B ©)
Here, i = 1,2,..., K* denotes the set of class labels that

the model has encountered from task O to task ¢, where
Kt = ZZ:O Q" represents the cumulative number of

t—1
classes over all tasks. The terms A = Z£1 p(zly =

t

Dy = j)and B = % sy plely = jply = J)
denote the total joint probabilities of old classes in memory
and new classes in training data, respectively. & € R” rep-
resents the D-dimensional feature generated by the image
encoder. Following GDA [2], we assume that all features
follow a multivariate Gaussian distribution with the shared
covariance across classes, i.e., (z|y = 1) ~ N (u;, X). Un-
der this assumption, we derive the following theorem:

Theorem 1. The classifier for CIL can be derived based
on Bayes’ theorem and the assumption, where each feature
contributes to the calculation of classification probabilities
for each class.

exp(G; + log p;)
Z;:l exp(G; + logp;)

ply =ile) = “)

Here, p; = p(y = z) denotes the prior probability of class
i, and G; = pl'sS~ e — 2,u,l Iy ul represents the log-
likelihood in a simplified form. We define the logits for
class i as g;(x) = G;+log p;, which denotes the classifier’s
non-normalized prediction score. The classification prob-
abilities thus correspond to applying the softmax function
over the logits g;(x). Accordingly, the classifier’s weight
matrix W € RE"%D and bias vector b € REX" are com-
puted as follows:

1
w; =Xy, by =logp; — SH YT )

Next, we estimate the class means for all classes as well
as the class shared covariance X to subsequently derive the
corresponding weight and bias of the classifier, as specified
in Eq. 5. Nevertheless, in higher dimensional spaces, the
empirical covariance matrix tends to be a biased estimation
of the true shared covariance. To mitigate this bias, we em-
ploy the empirical Bayes ridge-type estimator for a more
robust estimation of 3.

In GDA [2], it is typically assumed that the prior prob-
ability of each class is uniform. This assumption, how-
ever, does not hold under the rehearsal mechanism used
in CIL. As tasks are introduced sequentially, the fixed-size
memory must accommodate exemplars from an increas-
ing number of classes, leading to a gradual reduction in
the number of exemplars per class for old tasks. Conse-
quently, this disparity between the sample sizes of old and
new classes introduces a dynamic class imbalance prob-
lem, which biases the adapted CLIP model toward newly
introduced classes. To alleviate this issue, we propose
a novel Debiased Memory-Calibrated Gaussian Discrim-
inant Analysis (DMGDA) method that dynamically cali-
brates the class prior probabilities of both stored exemplars
and current training data through inverse frequency adjust-
ment mechanism. Specifically, DMGDA leverages the in-
verse frequencies of new and old class distributions to com-
pute the calibrated prior probability as follows:

1/ Jm ; 0:t—1
{pi (1/fm)Kt f1+(1/f )Qt,forz c(C ©
pz (l/fm)Kt T (1/f: )Qz,fOI‘Z eCt
Here, fo = LN/K, 1= A= and f; = % denote the

empirical probablhtles of old classes in memory and new
classes in training data respectively. p!* and pf represent the
prior probabilities of the old classes and the new classes, re-
spectively. N describes the fixed memory size, ¢ < K*'~!
is a small correction term accounting for floor division, h
indicates the sample size of new class training data, and
P = hQ!+ N denotes the total number of training instances
for the current task combined with the exemplars stored in
memory. C%*~! denotes the class set comprises all classes
encountered from the first to the (¢ — 1) task. By substi-
tuting calibrated prior probabilities into Eq. 3, we derive the
following theorem.

Theorem 2. Inverse frequency adjustment defined in Eq.
6 increases the prior probability of old classes while keeping
the log-likelihood terms unchanged. This calibration leads
to an elevation in the corresponding logits for old classes.

According to Eq. 4, increasing the logits directly en-
hances the classification probabilities, thereby improving
the prediction scores for old classes. Consequently, the re-
sulting classifier is effectively debiased, as it compensates
for the dynamic class imbalance induced by the rehearsal
mechanism in CIL. Notably, this calibration process is non-



parametric, relying solely on frequency statistics and requir-
ing no additional learnable parameters.

3.4. Proof of Theoretical Statement

Proof 1. The likelihood p(x|y = i) is represented us-
ing the multivariate Gaussian distribution with class mean
p; and class shared covariance 3. To simplify calculating
the probability density function, we typically work with the
logarithm of likelihood, as shown below:

1 1
logp(aly =i) = - 52" 2w+ pi B e — opl X7,

~tog (y/emP )
@)

Ignoring constant terms that are independent of the class
index 7, the expression simplifies to:

. IR
logp(aly =i) ~ pi 7w — S B =G ()

Next, by incorporating the prior probability p(y = i) as
log p; and substituting both the simplified log-likelihood
and the prior into the Bayes rule under the softmax normal-
ization, we can obtain Eq. 4 with the following procedure.

plzly = i)p(y = i)

S plly = 5)ply = J)

~ exp(Gi)ply=1)

S exp (G)) ply = j) ®
exp (G; + logp;)

Zﬁl exp (G, + log p;)

ply =ilz) =

Proof 2. Consider the application of Bayes’ theorem
in the context of CIL, where the dynamic class imbalance
is disregarded by assuming a uniform sample distribution
across all classes. Under this simplifying assumption, the
classification probabilities of old classes can be computed
as below, derived from Eq. 3:

Ai
thl Kt
Zj:l Aj+ Zj:Kt—l—s-l Aj

where \; = p(x|y = i) denotes the likelihood. In contrast,
under the proposed DMGDA, which incorporates the cali-
brated prior probabilities p7™ for old classes and p! for new
classes to account for dynamic class imbalance, the classi-
fication probability of old classes can be expressed as:

puly = ilx) = (10)

DA

m Kt—1 Kt
b; Zj:l Aj + i Zj:KtﬂH Aj (11
Ai

Kt—1 pf Kt
2im1 At i D jmkt-141 A

ply = ilz) =

To analyze the effect of prior calibration, we examine the
; ;, which quantifies the relative adjustment between
prior p}obabilities of new and old classes. This ratio is de-
rived from the inverse frequency calibration defined in Eq.
6, and depends on the frequency statistics f; and f,, corre-
sponding to the new and old classes, respectively. Empiri-
cally, we investigate several standard CIL benchmarks and
observe that the configurations of ImageNet100 and Tiny-
ImageNet satisfy f; > f,,. For CIFAR100 (10/20 steps),
this condition also holds. However, CIFAR100 (50 steps) is
relatively unique, as f; > f,, is only satisfied after task 2,
as shown in the following equation:

ratio

* CIFAR100 (50 steps): N = 2000, h = 500, Q° =2,
QT=2,forj=1,2,...,t, t>2= f > fm
Across all of these settings, we consistently find that

t
i

ft > fm, which implies 5771 < 1 for most incremental steps.

Substituting this into Eq.i 11 reveals that the classification
probability of old classes under DMGDA is systematically
higher than that under the uncalibrated baseline:

p(y =i|lx) > p,(y =i|x),fori € ool (12)

In summary, the proposed DMGDA yields a debiased
classifier that effectively mitigates the bias of the adapted
CLIP model toward new classes induced by dynamic class
imbalance, achieved in a fully non-parametric manner. By
systematically increasing the classification probabilities of
old classes, this calibration strategy enhances the model’s
sensitivity to previously learned categories, thereby improv-
ing stability and retention in CIL scenario.

3.5. Adaptive Memory lteration Strategy

Our rehearsal mechanism adopts the herding algorithm,
as introduced in iCaRL [39], to select representative ex-
emplars for newly introduced classes in the training data.
Specifically, for each new class in task ¢, the herding algo-
rithm first computes the class-wise mean feature vector and
subsequently selects samples in an iterative manner based
on their proximity to this class mean. The selected exem-
plars are stored in dedicated block slots corresponding to
each class. Once exemplar selection is completed for all
Q@ classes in task ¢, the resulting Q! block slots merged
into a unified memory block M? for task t. However, the
inclusion of new class exemplars inevitably increases the
total number of stored exemplars beyond the fixed memory
budget N. To accommodate this constraint, an exemplar
reduction algorithm must be applied to previously stored
samples from earlier tasks. Inspired by recent studies [14],
we propose an Adaptive Memory Iteration Strategy (AMI)
as the exemplar reduction algorithm that prunes exemplars
during inference phase, guided by the data distribution of
the test instances. AMI preserves knowledge from previous



Algorithm 1 Adaptive Memory Iteration Strategy

Input: {X, "}, 9% € C* // features of L test samples

with the same high-confidence pseudo-label 7"

Input: n;_;, n; // capacity of block slots

Require: ® // current image feature function

Output: M™% = {M° M ... M}
. /* shrink old memory block M* */
:fork=0,1,...,t-1do
/* reduce the capacity of block slot S f */
for S¥ € M* do

if j* = i then
JE (ny_1, D) < ®(S¥) I/ extract exem-

3

AN

plar
features from block slot
8: W*: (ny_1,L) < J¥ % XT // similarity
9: matrix when pseudo-label matches slot
number
10: Sk« Select(W*,n,)
11: end if
12: end for
13: end for
14: M* <+ {M° M*', ... ,M'"~1}
15: M™e? < M* + M?
16: Return: M ™Y

~

tasks by adaptively filtering exemplars based on their align-
ment with the cumulative test distribution of all encountered
tasks, while ensuring minimal computational overhead.
Specifically, the process of AMI is outlined in the Algo-
rithm 1. The algorithm takes as input the features X &
RLXP of L test samples, each associated with the same
high-confidence pseudo-label §* (with confidence x >
0.8), as well as the target capacity of block slots n; = L%J

for tasks ¢. For each block slot S f in the old memory block
MP* whose index i matches ;t]k, we first extract exemplar
features J f € R™-1%D yging the current image feature
extractor ®. We then compute the cosine similarity ma-
trix W? between test features X and exemplar features
J f“ By summing each row of W?, we obtain a similar-
ity score for each exemplar, reflecting its alignment with
the current test distribution-higher scores indicate greater
representativeness. To filter exemplars, we apply the func-
tion Select(), which retains the top-n; exemplars in each
block slot Sf based on similarity scores. Repeating this
process across all relevant memory blocks yields the up-
dated memory blocks M“. We then construct the updated
memory for the next task as M™% = M*UM?, where M is
the newly formed memory block for task ¢. Through AMI,
the memory content is adaptively reshaped from fitting the
training distribution toward aligning with the test distribu-
tion, thereby mitigating distributional shift and enhancing
the retention of knowledge from previous tasks.

4. Experiments
4.1. Experimental Setting

Datasets. For the standard CIL benchmark, we employ
three commonly used dataset, i.e., CIFAR100 [13], Tiny-
ImageNet [48] and ImageNet100 [10] to evaluate the per-
formance of our DMGDA under various task configura-
tions. CIFAR100 consists of 100 classes, which are par-
titioned into 10 steps (10 classes per step), 20 steps (5
classes per step), and 50 steps (2 classes per step) for se-
quential training. TinyImageNet, consists of 200 classes,
where 100 classes are designated as base classes and the re-
maining 100 classes is divided into 5 steps, 10 steps, and
20 steps, following a similar incremental protocol. Ima-
geNet100 is evaluated under two common configurations:
ImageNet100-B0O, where all 100 classes are evenly dis-
tributed across 10 incremental steps (10 classes per step),
ImageNet100-B50, where the first 50 classes are introduced
in the initial step and the remaining 50 are incrementally
added over 10 subsequent steps. For the LT-CIL bench-
mark, we follow the protocol in [33] and conduct exper-
iments on CIFAR100 to assess model performance under
class-imbalanced conditions.

Metrics. We compare our method with existing ap-
proaches using top-1 classification accuracy as the evalu-
ation metric. Specifically, We report the final accuracy after
the last incremental step (“Last”) and the average accuracy
across all steps (“Avg”), which reflects overall performance
throughout the entire continual learning process.

Implementation Details. All experiments are imple-
mented in PyTorch and conducted on NVIDIA GeForce
RTX 3090 GPUs. ViT-B/16 is adopted as the default back-
bone for the baseline model across all settings. Following
MoE-Adapters [49], we utilize LoRA as the expert mod-
ules, and the router is implemented as a Multi-Layer Per-
ceptron (MLP) that selects the top-2 experts based on gating
scores. For a fixed memory budget IV, we store 2,000 ex-
emplars for both CIFAR100 and ImageNet100, and 4,000
exemplars for TinylmageNet, consistent with the protocol
in [13]. During model adaptation, the baseline model gen-
erates predictions by computing cosine similarity between
image features and text embeddings. The prompt template
used across benchmarks is “a photo of a [class]”. The base-
line is optimized using cross-entropy loss with the Adam
optimizer, employing a learning rate of 0.001, batch size
of 64, and training for a single epoch across all datasets.
To balance the trade-off between plasticity and stability, we
set the hyperparameter o to 1.9 for CIFAR100 and Ima-
geNet100, and to 3.5 for TinylmageNet. For the LT-CIL
setting, we strictly follow the experimental configuration
outlined in [33].



4.2. Overall Results

4.2.1 The Standard CIL Benchmark

We begin by comparing the proposed DMGDA with state-
of-the-art methods on CIFAR100, and the results are sum-
marized in Tab. 1. The findings demonstrate that our
method consistently achieves superior performance across
CIFAR100 with 10, 20, and 50 incremental steps. Under
the “Avg” metric, our DMGDA surpasses the current state-
of-the-art method, MoE-Adapters, by 2.94%, 4.78%, and
6.50% at 10, 20, and 50 steps, respectively. Similarly, in
terms of the “Last” metric, the proposed DMGDA exceeds
MoE-Adapters by up to 4.67%, 4.71% and 8.45%. 1t is par-
ticularly noteworthy that in the 50-step setting, where mod-
els typically suffer from significant forgetting due to the ex-
tended number of tasks, our method exhibits a pronounced
performance advantage, highlighting the robustness and ef-
ficacy of the proposed DMGDA.

To further validate the superiorty of DMGDA, we ex-
tend performance comparison to TinyImageNet and Ima-
geNet100, with detailed experimental results presented in
Tab. 2 and Tab. 3. For TinylmageNet, it is evident that
the proposed method attains state-of-the-art performance
with 100 base classes across the 5, 10, and 20-step set-
tings. Under the “Avg” metric, the proposed method sur-
passes MoE-Adapters by 1.06% and 1.81% at 10 and 20
steps, respectively. In terms of the “Last” metric, the pro-
posed method outperforms MoE-Adapters by up to 0.93%,
2.01% and 2.94% across these incremental steps. For Ima-
geNet100, our method exceeds competing approaches by
a minimum of 0.80% on ImageNet100-BO with respect
to the “Avg” metric. Moreover, it outperforms alterna-
tives by at least 0.98% and 0.66% on ImageNet100-BO
and ImageNet100-B50, respectively, when considering the
“Last” metric. Collectively, these results substantiate that
DMGDA consistently delivers superior performance rela-
tive to existing methods across diverse and challenging real-
world datasets.

To corroborate that the proposed method enhances sta-
bility over the baseline model, we conduct experiments on
the CIFAR100 dataset under the standard CIL benchmark,
comparing it with MoE-Adapters and reporting the classi-
fication probabilities of old classes, as shown in Table 4.
We can observe that the proposed method consistently sur-
passes MoE-Adapters across all evaluation settings. Specif-
ically, the proposed DMGDA achieves leading performance
over MoE-Adapters, with improvements of 0.62%, 2.67%,
and 6.12% in the “Avg (0)” metric, as well as 2.46%, 6.67%,
and 11.11% in the “Last (0)” metric at 10, 20, and 50 incre-
mental steps, respectively. These experimental results indi-
cate that the proposed method effectively enhances model
stability, thereby supporting the theoretical analysis pre-
sented in Section 3.4.

Table 1: Performance comparison of different methods on
CIFARI100 in CIL. We use boldface to indicate the best-
performing method and underline to denote the second-best.

10 steps 20 steps 50 steps
Methods Avg  Last Avg Last Avg Last
UCIR[24] 58.66 43.39 58.17 40.63 56.86 37.09
Bic[46] 68.80 53.54 6648 47.02 62.09 41.04
PODNet[ 2] 58.03 41.05 5397 35.02 51.19 3299
DER [48] 74.64 6435 7398 6255 72.05 59.76
DyTox+ [13] 74.10 6234 71.62 5743 6890 51.09
HRFSN [15] 58.60 41.94 - - - -
DNE [26] 74.86  70.04 - - - -
CLIP Zero-shot 7447 6592 7520 6574 75.67 65.94
Fine-tune 6546 5323 59.69 43.13 39.23 18.89
LwF [31] 65.86 48.04 60.64 40.56 47.69 32.90
iCaRL [39] 7935 7097 7332 6455 71.28 59.07
LwF-VR [11] 7881 70.75 7454 6354 71.02 5945
PROOF [53] 84.88 76.29 85.12 76.13 - -
ZSCL [52] 82.15 73.65 80.39 69.58 79.92 67.36
MoE-Adapters[49] 85.21 77.52 83.72 76.20 83.60 75.24
Ours 88.15 82.19 88.50 8091 90.10 83.69

Table 2: Performance comparison of different methods on
TinyImageNet with 200 classes in CIL. We designate 100
classes as base classes, and the remaining 100 classes are
evenly distributed across the incremental steps.

5 steps 10 steps 20 steps
Methods Avg.  Last Avg. Last Avg. Last
EWC [27] 19.01 6.00 1582 379 1235 473
EEIL[4] 47.17 3512 45.03 34.64 4041 29.72
UCIR [24] 5030 3942 4858 3729 42.84 30.85
MUC [34] 3223 1920 26.67 1533 21.89 10.32
PASS [56] 49054 41.64 47.19 3927 4201 3293
DyTox [13] 55.58 4723 5226 4279 46.18 36.21
HRFSN [15] 5846 50.87 5592 4730 - -
CLIP Zero-shot 69.62 6530 69.55 6559 69.49 65.30
Fine-tune 61.54 46.66 57.05 41.54 54.62 44.55
LwF [31] 60.97 4877 57.60 44.00 5479 4226
iCaRL [39] 77.02 7039 7348 6597 69.65 64.68
LwF-VR [11] 7756 70.890 74.12 67.05 69.94 63.89
ZSCL [52] 80.27 73.57 78.61 71.62 77.18 68.30
MoE-Adapters [49] 81.12 76.81 8023 7635 79.96 75.77
Ours 80.69 77.74 81.29 7836 81.77 78.71

4.2.2 The LT-CIL Benchmark

To demonstrate that the proposed method can effectively
address dynamic class imbalance, we conduct experiments
on a more challenging the Long-Tailed Class Incremental
Learning (LT-CIL) benchmark, with the results summarized
in Tab. 5. In the LT-CIL benchmark, the sample sizes across
classes follow an exponential decay distribution, where the
ratio between the least frequent and the most frequent class
is controlled by the imbalance factor §. A smaller ¢ indi-
cates a more severe imbalance, whereas a larger § corre-
sponds to a more balanced distribution. When § = 1, the
setting reduces to the standard CIL benchmark with uni-
form class distribution. Following the protocol established
in [33], we set 6 = 0.01 in all experiments on CIFAR100.
As illustrated in Tab. 5, the Ordered LT-CIL setting arranges
classes in descending order of sample size for sequential
task construction, while the Shuffled LT-CIL setting ran-



Table 3: Performance comparison of different methods on
ImageNet100 under various CIL settings.

ImageNet100-B0 ImageNet100-B50

Methods Avg Last Avg Last
UCIR [24] - - 68.09 57.30
TPCIL [42] - - 74.81 66.91
PODNet [12] - - 74.33 -

DER [48] 76.12 66.06 77.13 72.06
DyTox [13] 73.96 62.20 - -

DyTox+ [13] 77.15 67.70 - -

MAFDRC [7] 79.66 70.41 77.95 71.26
CLIP Zero-shot 84.42 74.92 78.86 74.92
Fine-tune 83.10 70.72 80.31 72.48
LwF [31] 83.35 72.40 80.74 72.22
iCaRL [39] 83.40 70.96 79.76 73.96
LwF-VR [11] 82.53 69.68 80.82 70.18
PROOF [53] 84.71 72.48 - -

ZSCL[52] 86.39  76.22 84.28 79.54
MoE-Adapters [49]  86.13 75.54 83.99 79.00
Ours 87.19 77.20 84.14 80.20

Table 4: Performance comparison for old classes on CI-
FAR100 in CIL. “Avg (0)” denotes the average accuracy of
old classes across all incremental steps, while “Last (0)”
refers to the accuracy of old classes at the final step.

10 steps 20 steps 50 steps

Methods Avg (o) Last(o) Avg(o) Last(o) Avg(o) Last(o)

MoE-Adapters [49]  86.21 77.94 86.47 74.98 85.64 71.67
Ours 86.83 80.40 89.14 81.65 91.76 82.78

Table 5: Performance comparison of different methods on
CIFAR100 in LT-CIL, with average accuracy reported.

Methods Ordered LT-CIL  Shuffled LT-CIL
Ssteps 10steps 5Ssteps 10 steps
EEIL [4] 38.46 37.50 31.91 32.44
+Two Stage [33] 38.97 37.58 34.19 33.70
LUCIR [24] 42.69 42.15 35.09 34.59
+Two Stage [33] 45.88 45.73 39.40 39.00
PODNet [12] 44.07 43.96 34.64 34.84
+Two Stage [33] 44.38 4435 36.37 37.03
MAF [23] 35.92 33.70 31.63 30.18
MAFDRC [7] 53.13 49.01 41.41 41.84
MoE-Adapters [49] ~ 77.90  78.78 7892  76.47
Ours 83.35 84.22 84.48 85.61

Table 6: Ablation study of each component of the proposed
method on CIFAR100 with 50 steps. The baseline model
is incrementally enhanced by incorporating DMGDA and
AMI. The rehearsal mechanism defaults to iCaRL, and AMI
is employed for exemplar reduction when activated.

Baseline Rehearsal DMGDA AMI Avg Last

v 83.60 75.24
v v 85.11 76.68
v v v 86.58 79.96
v v v 88.15 82.19
v v v v 90.10  83.69

—— Ours, Ordered LT-CIL
—— MoE-Adapters, Ordered LT-CIL
- - - Ours, Shuffled LT-CIL

o MoE-Adapters, Shuffled LT-CIL

Accuracy (%)
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=
1
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Figure 3: Classification accuracy at each step on CIFAR100
under 10-step setting in LT-CIL. In Ordered LT-CIL, tasks
are constructed by arranging classes in descending order
of sample size, while Shuffled LT-CIL forms tasks by ran-
domly sampling classes regardless of their frequency. Both
variants are designed to evaluate the model’s robustness in
learning under severe class imbalance in incremental clas-
sification scenarios.

Table 7: Ablation study comparing different methods for
mitigating class imbalance on CIFAR100 in CIL.

50 steps
Methods Ave  Last
CLIP Zero-shot 75.67 65.94
Baseline (Rehearsal) 85.11 76.68
+RU 84.72 75.93
+RO 86.80 78.52
+SMOTE [6] 85.24 70.79
+Focal Loss [32] 86.29 78.69
+DRC [7] 87.71 81.26
+Ours 90.10 83.69

Table 8: Performance comparison of different task orders
on CIFAR100 in CIL.

10 steps 20 steps 50 steps
Task Order Avg Last Avg Last Avg Last

Order 1 (default) 88.15 82.19 8850 80.91 90.10 83.69
Order 2 88.12 82.28 88.55 8093 90.03 83.56
Order 3 8796 8226 88.42 80.95 89.87 834l

Table 9: Ablation study on hyperparameter o on CIFAR100
under the 50-step CIL setting.

« Avg Last « Avg  Last

0.6 8992 8345 19 90.10 83.69
1.0 89.92 84.04 20 8997 83.33
1.4 90.04 8379 2.1 90.03 83.11
1.8 89.80 8341 22 8998 84.09

domly selects classes to form incremental tasks. The exper-
imental results show that the proposed method consistently
achieves superior performance across all LT-CIL configu-



Table 10: Performance comparison with different random
seeds on CIFAR100 in Shuffled LT-CIL. Variations in ran-
dom seeds lead to significantly different degrees of class
imbalance in the incremental classification tasks.

5 steps 10 steps
Seed Avg Last Avg Last
0 83.08 78.10 8248 7731
1 83.60 79.09 84.15 78.14
2 82.53 77.28 84.34 78.90
3 82.78 7891 83.16 78.18
4 8448 78.21 85.61 78.03

rations, yielding a notable improvement of at least 5.40%
over the baseline model in terms of the “Avg” metric. These
results indicate that the proposed method is highly effective
in mitigating dynamic class imbalance, even under the more
demanding LT-CIL benchmark.

To further analyze the behavior of our method under
LT-CIL, we report per-step classification accuracy on CI-
FAR100 with 10 incremental steps. As shown in Fig. 3, the
proposed method consistently achieves leading accuracy at
every step in both the Ordered and Shuffled LT-CIL settings.
This evidences that our method substantially improves upon
MoE-Adapters [49] in dynamically imbalanced scenarios,
reinforcing its advantage in real-world incremental learning
applications.

4.3. Ablation Study
4.3.1 The Standard CIL Benchmark

Effectiveness of each component in the proposed
method. To evaluate the impact of each component within
the proposed method, we conduct a series of ablation stud-
ies focusing on the effectiveness of DMGDA and AMIL
The experiments are performed on the CIFAR100 dataset
under the 50-step setting, with performance reported us-
ing the “Avg” and “Last” metrics. The rehearsal mecha-
nism is implemented using iCaRL by default, and in scenar-
ios involving AMI, the standard exemplar reduction strat-
egy is replaced accordingly. As shown in Tab. 6, apply-
ing iCaRL to the baseline yields a modest improvement of
1.51% in “Avg” and 1.44% in “Last”, reflecting the im-
pact of memory-based rehearsal. When DMGDA is incor-
porated into the baseline model, a notable performance in-
crease is observed, with gains of 4.55% in “Avg” and 6.95%
in “Last”. In parallel, the addition of the AMI algorithm
results in further enhancement, improving performance by
1.47% in “Avg” and 3.28% in “Last” compared to the base-
line model with iCaRL. Finally, the integration of DMGDA
with the AMI algorithm leads to the most substantial im-
provement, achieving a 6.50% gain in “Avg” and an 8.45%
gain in “Last” compared to the baseline model. These re-
sults collectively confirm that each component of the pro-

posed method makes a meaningful and complementary con-
tribution to overall model performance.

Effectiveness of various methods for mitigating class
imbalance. To validate the effectiveness of the proposed
method in handling class imbalance, we conduct a compar-
ative study against several approaches, including Random
Oversampling (RO) and Random Undersampling (RU),
SMOTE [6], Focal Loss [32], DRC [7]. As shown in Tab.
7, although these methods improve the performance of the
baseline model when combined with a rehearsal mecha-
nism, they consistently underperform relative to the pro-
posed approach. These improvements highlight the supe-
riority of our DMGDA in mitigating the dynamic class im-
balance by correcting the prior probability based on Bayes’
theorem, under the assumption of a multivariate Gaussian
distribution, enabling more accurate calibration during in-
cremental learning.

Effectiveness of fixed memory budget N. To evalu-
ate the impact of fixed memory budget N on model perfor-
mance, we conduct experiments under varying N settings,
with the corresponding results illustrated in Fig. 4(a). In
terms of the “Avg” metric, the performance exhibits a im-
provement of 1.36% as N increases from 1,000 to 2,000.
However, further enlarging N to 3,000 and 4,000 yields
only marginal performance gains. This suggests that se-
lecting an appropriate memory budget [V, tailored to the
characteristics of the specific task and dataset, is critical for
optimizing model performance.

Effectiveness of different methods for selecting exem-
plars. To determine the most suitable strategy for exemplar
selection, we conduct experiments comparing several ap-
proaches, including Random Selection, Cluster, and iCaRL
[39]. The results, presented in Fig. 4(b), indicate that iCaRL
consistently delivers superior performance. Consequently,
we adopt iCaRL as the default exemplar selection method
due to its strong compatibility with the proposed model.

Effectiveness of task order in CIL. We follow the class
order configuration defined by Dytox [13], referred to as
Order 1. To further investigate the sensitivity of model per-
formance to task order, we introduce two additional config-
urations, Order 2 and Order 3, by applying a random shuffle
strategy to the task sequence. The corresponding results are
presented in Tab. 8. Consistent with the findings of De et
al. [9], our results indicate that the model exhibits minimal
sensitivity to variations in task order under the standard CIL
benchmark.

Effectiveness of hyperparameter o. To analysis the
model’s sensitivity to hyperparameter o, we conduct exper-
iments on the CIFAR100 with 50 steps using various « val-
ues, as shown in Tab. 9. The results suggest that the model
demonstrates low sensitivity to changes in . Moreover, we
observe that the “Avg” metric increases as o approaches 1.9
and declines thereafter. Accordingly, we set « = 1.9 to
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Figure 4: (a) Accuracy at each step with different fixed memory budgets on CIFAR100 under 50 steps. (b) Accuracy at each
step using various methods for selecting exemplars. It demonstrates that iCaRL is the optimal choice in the proposed method.
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Figure 5: Accuracy at each step on CIFAR100 with 50 steps

in Ordered LT-CIL under different imbalance factors . A
smaller imbalance factor ¢ signifies more severe class im-
balance. When 6 = 1, the LT-CIL benchmark reduces to
the standard CIL benchmark.

achieve optimal average accuracy across incremental steps.

4.3.2 The LT-CIL Benchmark

Effectiveness of imbalance factor in LT-CIL. The imbal-
ance factor ¢ in the LT-CIL benchmark plays a critical role
in determining the degree of class distribution skewness,
with smaller values corresponding to more severe imbal-
ance. To assess the impact of §, we perform experiments on
CIFAR100 datset the 50-step setting, evaluating the model’s
performance at § = 0.01, 0.05, and 0.10. As shown in Fig.
5, the results demonstrate that larger values of ¢, indicat-
ing milder class imbalance, consistently lead to improved
accuracy across incremental steps.

Effectiveness of random seed in LT-CIL. In the Shuf-
fled LT-CIL setting, the choice of random seed influences
the ordering of classes with varying sample sizes across in-
cremental tasks, thereby introducing different levels of class
imbalance into the training data. To investigate this effect,
we conduct experiments on CIFAR100 with 5-step and 10-
step, comparing random seeds 0, 1, 2, 3, and 4. The results
are summarized in Tab. 10. The experimental findings re-

veal that the proposed method exhibits notable variability in
performance depending on the random seed. By default, we
use seed 4, which achieves the best performance under the
“Avg” metric.

Analysis of model complexity, training efficiency and
inference latency. The proposed method does not introduce
any additional training parameters compared to the baseline
model (i.e., MoE-Adapters [49]). Therefore, the proposed
method has the same trainable parameters as the baseline
model, specifically 4.02M, which is significantly fewer than
the 153.64M in ZSCL [52]. We use training time as a met-
ric to represent training efficiency. The training and infer-
ence times are measured during incremental steps on CI-
FAR100 (20 steps) using an NVIDIA GeForce RTX 1080
GPU. The inference time tested on the NVIDIA GeForce
RTX 1080 GPU is sufficient to reflect the deployment ef-
ficiency on resource-constrained devices. Compared to the
training time and inference time of MoE-Adapters, which
are 70.22s and 21.75s for an incremental step, the pro-
posed method achieves significant performance improve-
ments, although it incurs an increase in time, with 97.21s
for training time and 24.50s for inference time. We can con-
clude that our method demonstrates deployment efficiency
on resource-constrained devices.

5. Limitation and Future work

The proposed method is primarily designed for CIL
within a single domain, and does not currently address the
more challenging Cross-Domain Class-Incremental Learn-
ing (CCIL) scenario, where new classes may originate from
diverse domains, such as OxfordPet [36], EuroSAT [22],
and StanfordCars [29]. In the standard CIL benchmark,
class labels are disjoint across tasks, thereby eliminating
the need to retain task identity information in memory for
rehearsal-based methods [39, 13, 18]. Nevertheless, CCIL
introduces the additional complexity of overlapping class
labels across datasets, which necessitates rehearsal mecha-
nisms for preserving and distinguishing task-specific iden-
tities. As a potential future direction, our method could be



extended by integrating memory blocks annotated with task
identities, which may enable adaptation to CCIL scenarios.
We also plan to construct a comprehensive and challenging
CCIL benchmark to systematically evaluate the effective-
ness of the proposed framework. This line of research holds
promise for advancing continual learning in more realistic
and diverse environments.

6. Conclusion

Class-Incremental Learning (CIL) plays a critical role in
enabling intelligent systems to learn continually in dynamic
real-world environments. In this study, we observe that the
performance gains from the rehearsal mechanism are lim-
ited when applied to Vision-Language Model (VLM)-based
CIL methods, primarily due to dynamic data imbalance.
This imbalance causes the adapted CLIP model to exhibit
a bias toward newly introduced classes. To mitigate this is-
sue, we propose DMGDA, a novel approach that addresses
dynamic class imbalance by calibrating prior probabilities
through inverse frequency adjustment. This yields a non-
parametric, debiased classifier that enhances the model’s
stability across incremental tasks. Furthermore, we incor-
porate an Adaptive Memory Iteration (AMI) strategy into
the rehearsal mechanism. AMI adaptively selects exem-
plars that better align with the test distribution of previous
tasks, thereby preserving historical knowledge more effec-
tively. Extensive experimental results across both standard
CIL and Long-Tailed CIL (LT-CIL) benchmarks demon-
strate that our method consistently outperforms existing ap-
proaches, underscoring its effectiveness and strong general-
ization capabilities.
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