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Abstract

Class-Incremental Learning (CIL) enables models to con-
tinuously learn new classes while mitigating catastrophic
forgetting. Recently, Pre-Trained Models (PTMs) have
greatly enhanced CIL performance, even when fine-tuning
is limited to the first task. This advantage is particularly
beneficial for CIL methods that freeze the feature extractor
after first-task fine-tuning, such as analytic learning-based
approaches using a least squares solution-based classi-
fication head to acquire knowledge recursively. In this
work, we revisit the analytical learning approach combined
with PTMs and identify its limitations in adapting to new
classes, leading to sub-optimal performance. To address
this, we propose the Momentum-based Analytical Learning
(MoAL) approach. MoAL achieves robust knowledge mem-
orization via an analytical classification head and improves
adaptivity to new classes through momentum-based adapter
weight interpolation, leading to forgetting outdated knowl-
edge. Importantly, we introduce a knowledge rumination
mechanism that leverages refined adaptivity, allowing the
model to revisit and reinforce old knowledge, thereby im-
proving performance on old classes. MoAL facilitates the
acquisition of new knowledge and consolidates old knowl-
edge, achieving a win-win outcome between plasticity and
stability. Extensive experiments on various incremental set-
tings show MoAL’s state-of-the-art performance1.

1. Introduction

In conventional deep learning, models are trained on a fixed
dataset where all data is available upfront. In contrast,

*Corresponding author. † Equal Contribution.
1Link to code-https://github.com/Zi-Jian-Gao/Moal.

real-world scenarios often involve data arriving sequentially
with new classes, necessitating a continual learning pro-
cess—referred to as Class-Incremental Learning (CIL) [20].
The primary objective of CIL is to address catastrophic
forgetting [9, 21, 22]—a sharp decline in performance on
earlier tasks following sequential learning—thus preserving
stability. CIL demands that models balance stability and
plasticity to retain prior knowledge while continuously in-
tegrating new information [40].

Recently, Pre-Trained Models (PTMs) have shown state-
of-the-art results across a broad range of applications [24].
Their strong generalization capability also has led to sig-
nificant advancements in CIL, outperforming methods that
do not leverage PTMs [6, 19, 34, 42, 43, 52, 53]. Empir-
ical evidence from existing works [52, 54] suggests that
PTMs’ inherent representations can remain fixed through-
out incremental learning, with prototype-based classifica-
tion heads often surpassing the performance of prompt-
based approaches [32, 34, 42, 43]. As a result, many meth-
ods either limit PTM fine-tuning to the first task [52] or de-
sign careful continual fine-tuning strategies [6, 53], balanc-
ing the pre-trained representations’ generalization with the
adaptivity required for learning new classes.

Naturally, traditional CIL approaches, especially those
leveraging frozen feature extractors [26, 59, 60, 62], can
benefit significantly from the strong generalizability of
PTMs. Among these, analytical learning-based methods
stand out, utilizing a fixed feature extractor after first-task
fine-tuning and relying on the classification head to recur-
sively acquire knowledge of each sample [59]. While they
effectively mitigate representation drift and accommodate
new classes through updates of the classification head alone,
we find that they often show inadequate adaptivity to novel
classes (see Section 3.3.2), resulting in sub-optimal perfor-
mance. Achieving a balance between stability and plasticity
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remains a fundamental challenge in CIL, driving renewed
interest in developing mechanisms to improve PTM adap-
tivity while preserving stability.

To address this challenge, we propose a Momentum-
based Analytic Learning (MoAL) approach that contin-
ually enhances adaptivity across incremental tasks while
balancing stability and plasticity. MoAL achieves ro-
bust knowledge memorization through an analytical clas-
sification head, effectively capturing task-specific knowl-
edge. To enhance adaptivity for new tasks, MoAL employs
momentum-based adapter weight interpolation, which facil-
itates efficient adaptation and helps discard outdated infor-
mation caused by the previous model’s limited adaptivity.
Additionally, MoAL incorporates a knowledge rumination
mechanism to revisit and reinforce old task knowledge in a
more fine-grained manner.

In nature, ruminant animals rapidly consume forage with
minimal chewing, followed by a period of soaking and soft-
ening in the rumen [44]. The forage is then regurgitated for
thorough re-chewing, allowing efficient nutrient extraction.
Inspired by this process, we conceptualize model adaptiv-
ity similarly: continuous adaptive learning refines represen-
tations incrementally, akin to the rumen’s soaking phase.
Building on this analogy, our knowledge rumination mech-
anism leverages prototype-based fine-grained feature gen-
eration to systematically revisit and reinforce old knowl-
edge, aligning retained information more precisely with the
model’s evolving representations.

Building on continually adaptive training, MoAL incor-
porates two key mechanisms—Knowledge Memorization
and Knowledge Rumination—to achieve a win-win out-
come between plasticity and stability. Key contributions in-
clude: (1) Identifying the often-overlooked sub-optimality
(i.e., limited adaptivity) in PTM-based analytical learning
methods and addressing this limitation with MoAL; (2) De-
veloping an adapter-based training paradigm paired with
a knowledge memorization mechanism to effectively bal-
ance adaptivity and generalization while recursively captur-
ing new task knowledge; (3) Introducing a knowledge ru-
mination mechanism that revisits and reinforces old knowl-
edge without relying on instances from previous tasks; (4)
Demonstrating through extensive experiments that MoAL
significantly outperforms existing methods across various
settings and even surpasses replay-based approaches.

2. Related Work

2.1. Class-Incremental Learning

Class-Incremental Learning (CIL) aims to continuously
learn new classes while retaining knowledge of previously
learned ones [54]. Traditional CIL methods are generally
classified into replay-based [27, 36, 47, 50, 51], replay-
free [31, 55–57], regularization-based [1, 8, 15, 18, 29, 41,

48], and analytical learning-based approaches [59, 60, 62].
Replay-based methods selectively store or generate past
samples for incorporation in current training, while replay-
free methods avoid storing instances, instead retaining pro-
totypes to overcome forgetting. Regularization-based ap-
proaches use techniques like knowledge distillation [13, 18]
to maintain key model parameters. ACIL [59] is the first
analytic continual learning method with a closed-form solu-
tion. It treats CIL as a recursive process to achieve absolute
memory thereby avoiding forgetting caused by backpropa-
gation. It inspires a new CIL branch, with new intakes such
as GKEAL [60], GACL [61], RAIL [46].

2.2. Pre-Trained Model-Based CIL

Unlike the aforementioned CIL methods that typically train
models from scratch, pre-trained model (PTM)-based CIL
methods have gained considerable attention in recent years
due to their strong generalizability. To minimize train-
ing costs, these methods often employ parameter-efficient
tuning techniques, mainly including prompts [17] and
adapters [4]. Prompt-based approaches [34, 38, 42, 43] fo-
cus on designing architectures that adaptively generate task-
specific prompts. In contrast, LAE [6] introduces a uni-
fied framework that integrates predictions from online and
offline modules based on parameter-efficient tuning. Re-
cently, EASE [53] proposed training task-specific adapters
and ensembling them without conflicts, achieving state-of-
the-art performance. Additionally, Aper [52] demonstrates
that a prototype-based classification head performs strongly
even without model fine-tuning, motivating us to revisit an-
alytical learning-based methods [59] using PTMs.

3. Preliminary Analysis

3.1. Problem Definition

We first introduce the background of CIL with pre-trained
models. Consider a classification model Mθ(·) = h(f(·))
with trainable parameters θ = {θfe, θcls}, where f(·) repre-
sents the feature extractor and h(·) denotes the classification
head. The feature extractor ffe is initialized with parameters
θ0 from a PTM and subsequently trained sequentially on a
series of incremental tasks. We denote the training dataset
at task t (t = 1, 2, . . . , T ) by Dt = {Xt,Y t}. Here,
Xt ∈ RNt×c×w×h represents Nt training samples, each
with dimensions c×w×h, and Y t ∈ RNt×dyt corresponds
to Nt one-hot labels, where each label reflects one of the dyt

classes in task t. The tasks satisfy the non-overlapping class
condition, such that Y t ∩ Y t′ = ∅ for t ̸= t′. In this pa-
per, we adopt the replay-free setting [31, 55–57], where no
instances from previous tasks are retained. The goal of Mθ

is to achieve performance comparable to joint learning after
sequential training on a total of T tasks.
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3.2. Adapter-Based Parameter-Efficient Tuning
In the era of PTMs, to preserve pre-trained knowledge and
reduce training costs, existing studies [6, 34, 42, 43, 52, 53]
commonly freeze the pre-trained weights and introduce an
additional trainable module. The adapter [4, 14] is a bot-
tleneck structure that can be incorporated into a pre-trained
model to improve performance on downstream tasks. The
adapter consists of a down-projection layer Wdown ∈ Rd×r

that reduces the feature dimensionality, followed by a non-
linear activation function σ, and an up-projection layer
Wup ∈ Rr×d to restore the original dimensionality. Given
an input x, the output of the adapter is formalized as:

x+ σ(x ∗Wdown) ∗Wup, (1)

where σ represents the activation function (e.g., ReLU)
and ∗ denotes matrix multiplication. In cases where the
pre-trained weights are frozen, only the parameters of the
adapter (θWdown ∪ θWup ∪ θcls) and the classification head are
optimized, allowing for efficient adaptation with minimal
parameter updates. Compared to prompt tuning, adapter
tuning has shown greater effectiveness and superior anti-
forgetting capacity in CIL [6, 52, 53]. Thus, we adopt the
adapter-based tuning used in Aper [52] and EASE [53].

3.3. Analytical Learning-Based Sub-Optimality
3.3.1. Analytical Learning-Based CIL
Here, we introduce the foundational principles of analytical
learning, excluding considerations specific to CIL. Analytic
learning [10], also called pseudoinverse learning, was de-
veloped to overcome limitations of backpropagation [45],
such as gradient vanishing/exploding and the need for long
training epochs. It first extracts sample features via a fea-
ture extractor and then applies a feature transformation in
the initial buffer layer. Using the least squares solution, it
subsequently learns the classifier parameters in the second
layer with shallow networks [2] in only a single epoch [58].

Analytical learning operates through a two-layer analytic
classification head, consisting of a random linear buffer
layer fB that expands the feature space to dB dimensions,
followed by a linear layer fL that aligns features with la-
bels. Using randomization techniques, analytical learning
effectively captures valuable information [10, 58]. During
learning, inputs X are passed through the feature extractor
ffe to obtain features X fe, which are then projected by fB to
produce the expanded features XB, as formulated below:

XB = σ(fB(fflat(X
fe))), (2)

where fflat denotes the flattening operator and σ represents
the activation function, with ReLU applied as recommended
in [59, 62]. The second layer, fL, with parameters W L,
aligns the expanded features XB with labels Y by solving

Figure 1. Plasticity and Stability Comparison.

the following minimization problem:

argmin
W L

∥∥Y −XBW L∥∥2
F
+ γ

∥∥W L∥∥2
F
, (3)

where ∥ · ∥F is the Frobenius norm and γ is a regularization
hyperparameter. The optimal solution, obtained through
least squares estimation, is given by:

Ŵ
L
=

(
XBT

XB + γI
)−1

XBT
Y , (4)

in which ·T denotes the matrix transpose. With the optimal
parameters Ŵ

L
determined, the analytical learning frame-

work is established, demonstrating that its upper perfor-
mance bound depends on the quality of the feature extrac-
tor: the better the feature extractor, the higher the achievable
performance [10, 58].

Building on this foundation, analytical learning-based
CIL methods [59, 60, 62] use a frozen feature extractor
ffe that undergoes supervised adaptation via backpropaga-
tion on the first task and then remains frozen for subse-
quent tasks, allowing the analytic classification head to be
recursively updated and to consistently achieve robust per-
formance across various settings. Due to their strong gener-
alization capabilities, PTMs serve as ideal feature extractors
for analytical learning-based methods. Thus, we revisit the
analytical learning-based CIL method (ACIL [59]) utilizing
PTMs to explore its potential.

3.3.2. Overlooked Sub-Optimality
To investigate the latent sub-optimality caused by a frozen
feature extractor, we conducted comprehensive experiments
using the challenging ImageNet-R [11] and ImageNet-
A [12] datasets, with the ViT-B/16-IN21K [5] model pre-
trained on ImageNet-21K [30]. Adapter tuning was applied,
and the model was incrementally trained on an equal num-
ber of new classes across a total of 5 tasks. Our evaluation
compared the plasticity (average accuracy on new classes)
and stability (average accuracy on old classes) of three ap-
proaches: ACIL with a frozen PTM after initial task fine-
tuning, ACIL with a dynamic PTM (consisting of a frozen
PTM and a trainable adapter) incrementally fine-tuned on
new tasks, and our proposed MoAL.
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Figure 2. Illustration of MoAL. (a) In the first task, we train an adapter to memorize new knowledge using the analytical classification
head and store prototypes post-training. For incremental tasks, momentum-based adapter weight interpolation is employed to enhance
adaptability while preserving generalizability. (b) The knowledge memorization mechanism is executed by storing the auto-correlation
matrix and recursively updating the weights. (c) Following knowledge memorization, the rumination mechanism corrects old prototypes
and generates fine-grained features for old classes, selectively reinforcing old knowledge that has not been fully absorbed by the model.

As shown in Figure 1, ACIL with a frozen feature ex-
tractor demonstrates limited adaptability to new tasks, while
both our method and the unrestricted fine-tuning approach
significantly improve plasticity, underscoring the benefits
of continuously enhancing PTM adaptivity. Notably, our
method not only increase plasticity but also improve stabil-
ity, thanks to our knowledge rumination mechanism. To
conclude, freezing the feature extractor in ACIL trades
adaptability for stability, leading to marked performance de-
clines on datasets that diverge from the pre-training distri-
bution. Conversely, unrestricted PTM fine-tuning increases
plasticity but undermines the recursive manner and stabil-
ity. Our approach, however, achieves a win-win outcome in
learning and anti-forgetting.

4. Methodology

The success of MoAL can be attributed to three key com-
ponents: a lightweight, momentum-based adapter weight
interpolation mechanism that enhances model adaptabil-
ity while preserving generalizability; a knowledge mem-
orization mechanism that recursively memorizes new task
knowledge; and a knowledge rumination mechanism that
revisits and reinforces old task knowledge by leveraging im-
proved model adaptability and refined representations. Fig-
ure 2 illustrates the overall framework of our method.

4.1. Momentum-based Adapter Weight Interpola-
tion

In our work, we use the adapter [4] to fine-tune the PTM
due to its parameter efficiency and performance superior-
ity [52, 53]. Formally, we define the parameters of the PTM

fθ as θ = θ0 + θadapter, where θ0 denotes the initialized pa-
rameters from a PTM, and θadapter represents the learnable
parameters of the adapter, comprising down-projection low-
rank parameters θWdown and up-projection low-rank param-
eters θWup . Previous studies have shown that maintaining
generalization while enhancing adaptivity is essential for
PTM-based CIL [52] to learn new tasks effectively while
retaining knowledge from previous tasks.

To facilitate continual adaptation to new tasks while pre-
serving the PTM’s inherent generalizability, we introduce a
momentum-based adapter weight interpolation mechanism
(see Figure 2 (a)) that efficiently retains prior knowledge
while integrating new information. Specifically, we assume
the adapter parameters θadapter are initially updated with the
fully-connected classification head h(·) using cross-entropy
loss LCE during the first task, where continual adaptation
is not yet involved. During subsequent tasks, at the end
of each epoch, we iteratively update the adapter’s weights
through weight-space interpolation:

θadapter = αθadapter + (1− α)θ̂adapter, (5)

where the momentum hyperparameter α ∈ [0, 1] controls
the adapter updates, with sensitivity illustrated in Table 3.
Here, θ̂adapter is initialized with θadapter at the beginning of
each task and optimized using the classification head h(·)
and cross-entropy loss via backpropagation.

Our method offers several advantages over existing ap-
proaches: (1) Parameter and Resource Efficiency: Training
involves only a single adapter, greatly reducing the num-
ber of trainable parameters and the computational load than
those use multiple adapters or models. (2) Inference Ef-
ficiency: In the inference stage, our method retains only
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a single adapter, minimizing storage requirements and en-
abling faster inference with a single forward pass. (3) En-
hanced Performance: Unlike knowledge distillation-based
methods [13, 18], which depend on regularization losses,
our approach eliminates the need for additional regulariza-
tion. This leads to superior learning capabilities, effectively
consolidating old knowledge through our knowledge rumi-
nation mechanism (see Table 2 for comparisons).

4.2. Knowledge Memorization
After enhancing the adaptivity of PTM for each task, an
effective mechanism is required to learn and memorize
knowledge incrementally. To achieve this, our knowledge
memorization mechanism (Figure 2 (b)) employs an effi-
cient, one-pass learning approach that computes the ana-
lytical classification head weights and auto-correlation ma-
trix through a straightforward recursive least squares so-
lution, enabling task memorization during the incremen-
tal task without the resource demands of conventional
backpropagation-based learning.

Specifically, following the classical analytical learning
process and the notations in Section 3.3.1, we define the
PTM fθ as the feature extractor ffe and the analytical clas-
sification head, which consists of a buffer layer fB and a
second linear layer fL. After training on the first task with-
out considering continual learning, we obtain the optimal

parameters Ŵ
L
1 =

(
XB

1

T
XB

1 + γI
)−1

XB
1

T
Y 1 for the

linear layer fL based on Eq. 4. These parameters map the
expanded features XB

1 to the labels Y 1 and are calculated
using the training samples X1 from the first task.

In incremental tasks, at task t, the goal of the knowl-
edge memorization mechanism is to incorporate the existing
mapping relationships for old task samples X1, . . . ,Xt−1

along with the new mapping relationship for the current task
samples Xt. Assuming that all task samples are available
simultaneously, we can get an equivalent target to our re-
cursive solution:

argmin
W L

t

∥∥Y 1:t −XB
1:tW

L
t

∥∥2
F
+ γ

∥∥W L
t

∥∥2
F
, (6)

where

XB
1:t =

 XB
1

...
XB

t

Y 1:t =


Y 1 0 0 . . . 0
0 Y 2 0 . . . 0
...

...
. . .

0 0 0 . . . Y t

 . (7)

The sparse structure of Y 1:t results from the mutually ex-
clusive classes across tasks. Thus, according to Eq. 4, we
can get the least squares solution:

W L
t =

(
XB

1:t

T
XB

1:t + γI
)−1

XB
1:t

T
Y 1:t. (8)

At the task t, we aim to get the identical recursive solu-
tion W L

t based on the last task solution W L
t−1, current task

samples Xt and labels Y t. The recursive solution can be
summarized in the following theorem:

Theorem 1. Let Rt =
(
XB

1:t

T
XB

1:t + γI
)−1

be the auto-

correlation matrix, the weights W L
t are recursively ob-

tained by

W L
t = W L

t−1 +RtX
B
t

T (
Y t −XB

tW
L
t−1

)
(9)

where

Rt = Rt−1 −Rt−1X
B
t

T
(
I +XB

tRt−1X
B
t

T
)−1

XB
tRt−1. (10)

Proof. See the supplementary materials.

Based on Theorem 1, we derive a recursive solution that
does not require samples X1, . . . ,Xt−1 from old tasks.
However, as discussed in Section 3.3.2, this recursive so-
lution depends on a frozen PTM, which limits adaptability
and results in sub-optimal performance. To overcome this
limitation, we enhance the adaptivity of the PTM fθ through
momentum-based adapter weight interpolation, simultane-
ously enabling forgetting to discard out-dated feature-to-
label mappings (i.e., knowledge).

Forgetting has been shown to be essential in both biolog-
ical systems [7, 28, 33] and continual learning [37, 39], as
it enables selective removal of outdated information, aiding
adaptation to new knowledge [3]. While this disrupts the
recursive solution, it allows the model to discard obsolete
knowledge, creating a solid foundation for our knowledge
rumination mechanism to revisit and reinforce previous task
knowledge with enhanced adaptivity, ultimately achieving
better performance on old tasks.

4.3. Knowledge Rumination
The knowledge rumination mechanism (Figure 2 (c)) repro-
duces fine-grained knowledge of previous tasks with en-
hanced adaptivity without relying on old task data. To
achieve this, we store prototypes (typically the class means
in feature space) and implement a straightforward prototype
correction network to adjust these prototypes over time.
Additionally, we exploit the relationships between old and
new class prototypes to generate refined features for old
tasks. This selective process enables the model to revisit
and reinforce knowledge that was inadequately learned,
thus improving performance on previous tasks. This ap-
proach is inspired by biological rumination: after food is
initially ingested and softened in the rumen, it is regurgi-
tated for fine-grained re-chewing, allowing thorough nutri-
ent breakdown and enhanced absorption.

Prototype correction: Prototypes are widely used in
CIL to address forgetting, especially when previous task
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samples [55, 56] are unavailable. For each task t, we com-
pute the prototype pk for samples Xk of a new class k using
the PTM fθt : ptk = mean(fθt(Xk)). However, prototypes
obtained by the PTM fθt for task t will differ from those
produced by its predecessor fθt−1 in task t − 1, leading to
inferior reliability when generating features for old classes.
To mitigate this, we transform the old prototype pt−1

k from
the previous feature space to the current one, obtaining the
corrected prototype ptk. Specifically, we save the adapter
θt−1

adapter before training on task t, representing the PTM pa-
rameters for task t−1 as θt−1 = θ0+θt−1

adapter. Similarly, we
denote the PTM parameters for task t as θt = θ0 + θtadapter.
To align old and new feature spaces, we introduce a pro-
totype correction network fC, implemented as a two-layer
MLP, which utilizes fθt−1 , fθt , and the current task sam-
ples Xt to minimize the Euclidean distance between fea-
tures extracted by fθt−1 and fθt :

LPC = ∥fθt(Xt)− fC(fθt−1(Xt))∥2 . (11)

In this way, after each task, we use the correction network
fC to obtain the corrected prototype ptk = fC(p

(t−1)
k ). All

previously learned prototypes are updated with each new
task, resulting in an updated prototype set {pt1, pt2, . . . , ptk}
across all classes.

Fine-grained feature generation for old classes: Us-
ing the prototype set, we calculate the cosine similarity be-
tween the prototypes of new and old classes to generate
fine-grained features for old classes. In task t, let i be an
old class most similar to a new class j; the features of old
class i can then be generated as follows:

X̂
fe
i = X fe

j + ptj − pti. (12)

where X fe
j = fθt(Xj). This equation translates the refined

features of new classes into more precise representations of
old classes, leveraging prototype distances. It provides a
computationally efficient solution by relying solely on ad-
dition and subtraction operations, thus enabling the model
to revisit knowledge from previous tasks.

Selective reinforcement of old task knowledge: For
simplicity, we denote the fine-grained features of all old
classes as X̂

fe
o . These features are then passed through the

buffer layer fB to produce expanded features X̂
B
o (see Equa-

tion 2). To selectively reinforce the old task knowledge that
the model has not fully learned, we introduce an indicator
matrix M , defined as follows:

M = I
(
fL(X̂

B
o ) ̸= Y o

)
, (13)

where Y o represents the corresponding labels and I(·) is
the indicator function, which takes the value 1 if the condi-
tion is true and 0 otherwise. The reinforcement process is
formulated in the following theorem:

Theorem 2. Given the weights W L
t of the linear layer fL,

the auto-correlation matrix Rt, the expanded features X̂
B
o ,

the corresponding labels Y o, and the indicator matrix M ,
the weights W L

t are updated as follows:

W L
t = W L

t +Rt

(
M ⊙ X̂

B
o

T
)(

M ⊙ Y o −M ⊙ X̂
B
oW

L
t

)
(14)

where

Rt = Rt −Rt

(
M ⊙ X̂

B
o

T
)(

I +M ⊙ X̂
B
oRt

(
M ⊙ X̂

B
o

T
))−1 (

M ⊙ X̂
B
o

)
Rt. (15)

By integrating enhanced adaptivity with the relational
structure between old and new class feature spaces, our
knowledge rumination mechanism effectively revisits and
reinforces old knowledge. Although momentum-based
adapter weight interpolation disrupts the strict recursion
of analytical learning in CIL, the rumination mechanism
mitigates forgetting and further enhances performance on
old tasks by refining fine-grained knowledge. The pseudo-
algorithm is included in the supplementary material.

5. Experiments
5.1. Experimental Setting
Datasets. To evaluate the performance of our method, we
conduct experiments on four commonly used benchmarks:
CIFAR-100 [16], ImageNet-A [12], ImageNet-R [11], and
OmniBenchmark [49]. For CIFAR-100, ImageNet-A, and
ImageNet-R, we use three incremental settings (5, 10, and
20 tasks), while for OmniBenchmark, we use settings with
5, 15, and 30 tasks. All classes are arranged in a fixed order
and the model is trained on an equal number of classes in
both the first task and each incremental task.

Implementation details. Our methods are implemented
using PyTorch [25] and PILOT [35] on an NVIDIA 4090.
For fair comparison, we utilize the widely adopted Vi-
sion Transformer (ViT) architecture, specifically ViT-B/16-
IN21K [5], following the setups in [43, 52]. This archi-
tecture features a transformer block with an input dimen-
sion of 224 and an output dimension of 768. The momen-
tum hyperparameter α is set to 0.999 and The dimension
dB of the buffer layer fB is set to 5k for CIFAR-100, 15k
for ImageNet-A, 20k for ImageNet-R, and 10k for Om-
niBenchmark. We use the SGD optimizer with a momen-
tum of 0.9, and the learning rate starts at 0.01, decaying with
cosine annealing. The batch size is set to 48, and the model
is trained for 80 epochs (20 epochs for OmniBenchmark).
Meanwhile, we employ ridge regression [23] to compute
regularization hyperparameter γ in a self-adaptive manner.
Following [27], we shuffle the class order using a random
seed of 1993 for all methods.

Comparison methods. To establish the effective-
ness of our approach, we select state-of-the-art PTM-
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Table 1. Comparison of average incremental accuracy Ā(%), last-task accuracy AT (%) and the average performance among EFCIL
methods with different T tasks on different datasets. The best results of existing methods are highlighted in blue font.

Metric Methods
CIFAR-100 ImageNet-A ImageNet-R OmniBenchmark

T = 20 10 5 avg. T = 20 10 5 avg. T = 20 10 5 avg. T = 30 15 10 avg.

Ā

Finetune 84.40 87.52 90.51 87.48 46.06 50.45 57.23 51.25 71.14 74.94 78.15 74.74 67.70 72.05 73.30 71.02
LwF (TPAMI 2018) [18] 76.19 82.88 88.10 82.39 46.03 50.36 56.75 51.05 70.74 74.31 77.00 74.02 67.42 72.31 73.91 71.21
L2P (CVPR 2022) [43] 86.99 89.48 91.02 89.16 50.87 54.03 56.35 53.75 75.59 77.92 77.86 77.12 70.14 71.93 73.22 71.76
DualPrompt (ECCV 2022) [42] 86.88 88.86 89.78 88.51 54.59 58.60 59.59 57.59 73.61 75.06 75.12 74.60 72.81 73.66 75.13 73.87
ACIL (NeurIPS 2022) [59] 90.22 91.96 94.00 92.06 64.42 70.93 72.04 69.97 79.43 81.21 83.36 81.34 76.96 76.54 76.09 76.53
CODA-Prompt (CVPR 2023) [34] 86.06 91.19 92.20 89.82 57.19 61.86 65.97 61.67 71.63 76.69 80.17 76.16 68.64 70.78 72.19 70.54
LAE (ICCV 2023) [6] 80.96 86.97 88.50 85.47 50.30 58.56 59.09 55.98 72.85 75.42 75.48 74.58 71.00 73.82 73.65 72.82
DS-AL (AAAI 2024) [62] 86.11 83.50 88.82 86.14 63.38 63.47 61.82 63.22 75.90 78.37 80.39 78.22 79.73 80.20 76.91 78.95
SimpleCIL (IJCV 2024) [52] 82.79 82.31 81.12 82.07 60.05 59.33 58.09 59.16 67.60 67.09 65.89 66.86 79.46 79.23 78.51 79.07
Aper (IJCV 2024) [52] 88.48 90.91 91.56 90.32 61.36 65.74 68.90 65.33 76.28 79.01 80.48 78.59 79.72 79.79 79.82 79.78
EASE (CVPR 2024) [53] 90.62 92.01 92.81 91.81 60.62 62.93 67.93 63.83 78.15 81.33 82.25 80.58 73.09 75.32 81.11 76.51

MoAL (Ours)
93.27 94.22 94.03 93.84 67.26 74.29 75.22 72.26 82.94 84.45 85.39 84.26 84.04 85.68 84.45 84.72
+3.05 +2.26 +0.03 +1.78 +2.84 +3.36 +3.18 +2.29 +3.51 +3.24 +2.03 +2.92 +4.31 +5.48 +3.34 +5.77

AT

Finetune 78.58 82.06 86.31 82.32 33.77 40.62 47.14 40.51 63.72 68.63 73.97 68.77 56.41 60.82 62.42 59.88
LwF (TPAMI 2018) [18] 67.36 77.57 84.28 76.40 33.77 40.22 45.89 39.96 64.45 69.55 73.27 69.09 56.52 61.40 64.59 60.84
L2P (CVPR 2022) [43] 81.22 84.47 86.27 83.99 42.40 45.49 48.52 45.47 68.73 72.25 73.73 71.57 59.85 62.32 63.84 62.00
DualPrompt (ECCV 2022) [42] 79.90 84.23 84.76 82.96 43.38 47.93 49.18 46.83 67.12 69.10 70.37 68.86 62.84 62.91 65.60 63.78
ACIL (NeurIPS 2022) [59] 88.79 90.33 90.73 89.95 51.02 60.90 62.54 59.65 75.55 77.38 78.90 77.28 73.28 66.52 77.06 72.29
CODA-Prompt (CVPR 2023) [34] 79.55 87.24 88.67 85.15 46.15 51.02 56.35 51.17 67.93 73.10 76.40 72.48 64.61 67.64 68.84 67.03
LAE (ICCV 2023) [6] 74.26 81.13 82.76 79.38 39.43 47.73 50.03 45.73 65.57 69.83 71.05 68.82 62.44 63.88 64.76 63.70
DS-AL (AAAI 2024) [62] 85.90 86.05 85.91 85.95 51.74 52.67 51.02 51.81 74.05 77.48 76.55 76.03 73.40 73.52 72.95 73.29
SimpleCIL (IJCV 2024) [52] 76.21 76.21 76.21 76.21 49.24 49.24 49.24 49.24 61.35 61.35 61.35 61.35 72.18 72.18 72.18 72.18
Aper (IJCV 2024) [52] 82.75 85.81 87.58 85.38 50.49 55.69 59.91 55.36 69.25 72.05 74.95 72.08 72.51 72.95 73.25 72.90
EASE (CVPR 2024) [53] 84.21 87.25 89.22 86.89 49.70 51.74 57.93 53.13 71.10 76.00 78.05 75.05 64.44 67.74 74.37 67.75

MoAL (Ours)
88.36 90.49 90.85 89.90 52.01 64.06 67.22 61.10 76.85 79.33 81.38 79.19 74.02 77.23 78.61 76.62
-0.43 +0.16 +0.12 -0.05 +0.27 +3.16 +4.68 +1.45 +1.30 +1.85 +2.48 +1.91 +0.62 +3.71 +1.55 +3.33

Figure 3. The average incremental accuracy Ā(%) curves of various methods.

based CIL methods for comparative analysis, which in-
clude L2P [43], DualPrompt [42], ACIL [59], CODA-
Prompt [34], LAE [6], DS-AL [62], SimpleCIL [52],
Aper [52], and EASE [53]. Furthermore, we also bench-
mark our approach against typical CIL methods by equip-
ping them with the same PTM, such as LwF [18],
iCaRL [27], DER [47], FOSTER [36], and MEMO [51].
For Finetune, LwF [18] and Aper [52], we construct a fair
comparison that includes a frozen PTM and a trainable
adapter module, both serving as the backbone for training.

Evaluation Metrics. Following the widely used bench-
marks [35, 54], two metrics are adopted for evaluation. The
overall performance is evaluated by the average incremental
accuracy Ā(%) : Ā = 1

T

∑T
t=1 At where T and At respec-

tively denote the number of incremental tasks and the test
accuracy on all seen classes at task t. Another metric is the
last-task accuracy AT (%), which denotes the final average
accuracy on all classes.

5.2. State-of-the-art Comparison
In Table 1, we compare MoAL with several state-of-the-art
(SOTA) methods. Notably, the non-PTM-based ACIL [59],
benefiting from its recursive structure, achieves competitive

results relative to the PTM-optimized EASE [53], highlight-
ing the strong compatibility between analytical learning-
based CIL methods and PTMs. However, MoAL outper-
forms all baselines in both Â and AT across nearly all
datasets and settings. In particular, on datasets that dif-
fer from the pre-training data, such as ImageNet-A and
ImageNet-R, MoAL surpasses the best baseline by an av-
erage of 2.29% and 2.92% in Â, respectively. Furthermore,
our method demonstrates minimal performance degradation
as the number of tasks increases.

It’s worth note that ACIL’s final accuracy on CIFAR-
100 is close to MoAL’s, due to the inherent generaliza-
tion capabilities of PTMs on this dataset, even without con-
tinual adaptation. However, on more challenging datasets
like ImageNet-A and ImageNet-R, MoAL significantly out-
performs ACIL, thanks to its enhanced PTM adaptivity,
which ensures superior stability and plasticity. These trends
are also reflected in the accuracy curves shown in Fig-
ure 3. These comparisons highlight the value of our method,
particularly when downstream datasets differ significantly
from pre-trained data, showcasing its strong generalization
across diverse domains. Please see the supplementary ma-
terial for more results on different PTM backbones and
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Table 2. Ablation study comparing the impact of using different components in MoAL on the average incremental accuracy Ā(%).

Knowledge Weight Knowledge Imagenet-A Imagenet-R OmniBenchmark
Distillation Interpolation Rumination T = 10 5 T = 10 5 T = 15 10

70.93 72.04 81.21 83.36 76.54 76.09
✓ 66.93 69.48 64.39 63.12 76.99 82.89

✓ 72.66 74.01 84.27 84.08 81.77 82.21
✓ ✓ 70.56 71.41 82.60 82.65 80.57 83.84

✓ ✓ 74.29 75.22 84.45 85.39 85.68 84.45

Table 3. Average incremental accuracy Ā(%) comparison of dif-
ferent values of α across various benchmarks and settings.

α
CIFAR-100 Imagenet-A OmniBenchmark

T = 10 5 T = 10 5 T = 15 10

0.99 93.16 93.73 72.96 74.50 77.63 79.96
0.995 93.64 93.84 74.20 75.01 84.67 82.10
0.999 94.11 94.03 74.29 75.22 85.68 84.45

0.9995 94.21 94.00 74.19 75.24 85.00 84.62
0.9999 94.22 93.91 73.98 75.15 85.57 84.68

datasets, and the comparison to replay-based methods.

5.3. Ablation Study
In Table 2, we present an ablation study to assess each
component’s contribution in MoAL. Removing both weight
interpolation and knowledge rumination reduces MoAL
to the classical ACIL method [59]. For further insights,
we replace our momentum-based weight interpolation with
the widely-used feature-based knowledge distillation reg-
ularization. The results indicate that knowledge distilla-
tion alone results in a noticeable performance drop, while
our weight interpolation improves performance even with-
out the recursive principle, underscoring the importance of
continual adaptation. Incorporating knowledge rumination
alongside these techniques further boosts performance, par-
ticularly with an increasing number of tasks, demonstrating
its effectiveness in reinforcing old knowledge. The com-
plementary roles of weight interpolation and knowledge ru-
mination are clear: interpolation enhances representation
adaptability, allowing finer-grained feature generation for
old classes. Together, these findings validate the effective-
ness and mutual interplay of the two core components.

5.4. Sensitivity Analysis
There are two key hyperparameters in MoAL: the momen-
tum parameter α in Eq. 5 and the expanded dimension dB
of buffer layer fB . Table 3 shows results from experi-
ments conducted over a wide range of α values across dif-
ferent datasets and incremental settings. As observed, when
α > 0.99, MoAL exhibits strong robustness and close per-
formance. However, setting α = 0.99 leads to performance
degradation across benchmarks. Higher values of α better
preserve the PTM’s inherent generalization. In comparison,
lower values can disrupt the balance between adaptivity and
generalizability, especially in challenging datasets that dif-
fer significantly from the pre-training data. For dB , from

Figure 4. The impact of buffer layer dim dB on metric Ā(%). The
dotted black line denotes the best performance of other methods.

Table 4. Average incremental accuracy Ā(%) comparison among
different architectures of prototype correction network fC.

Correction Network CIFAR-100 Imagenet-A OmniBenchmark
fC T = 10 T = 5 T = 10 T = 5 T = 15 T = 10

[768, 768] 94.22 94.03 74.29 75.22 85.68 84.45
[768, 768, 768] 94.01 93.97 73.56 75.08 85.67 84.63
[768, 1024, 768] 94.02 93.91 73.59 75.26 84.67 84.39

Figure 4, we find that values exceeding 3k consistently yield
performance surpassing the best results from other meth-
ods. These findings confirm the robustness of MoAL with
respect to these parameters. Based on these results, we rec-
ommend setting α to 0.999 and dB > 10k to achieve near-
optimal, reliable performance. As shown in Table 4, we im-
plement the prototype correction network fC with three dif-
ferent architectures. The results demonstrate consistent per-
formance across these variations, with the two-layer con-
figuration offering both simplicity and strong performance.
More analyses are provided in the supplementary file.

6. Conclusion
Incremental learning represents an essential capability for
intelligent systems in dynamic environments. While ef-
fective, PTM-based analytical CIL methods rely on first-
task adaptivity, prioritizing stability over learning flexibil-
ity, which limits adaptability to new data distributions and
restricts real-world applicability. In this paper, we propose
MoAL to address these key challenges. By enhancing PTM
adaptivity through momentum-based adapter weight inter-
polation, MoAL enables continual adaption without sacri-
ficing generalizability. It integrates knowledge memoriza-
tion and rumination mechanisms to effectively acquire new
knowledge and selectively reinforce old knowledge, achiev-
ing a better balance between plasticity and stability. Exten-
sive experiments validate MoAL’s effectiveness, marking a
significant progress in analytical learning-based CIL by re-
moving the constraint of a frozen feature extractor.
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