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Abstract

Plasticity and stability denote the ability to assimilate new tasks while preserving
previously acquired knowledge, representing two important concepts in continual
learning. Recent research addresses stability by leveraging pre-trained models to
provide informative representations, yet the efficacy of these methods is highly
reliant on the choice of the pre-trained backbone, which may not yield optimal
plasticity. This paper addresses this limitation by introducing a streamlined and
potent framework that orchestrates multiple different pre-trained backbones to
derive semantically rich multi-source representations. We propose an innovative
Multi-Scale Interaction and Dynamic Fusion (MSIDF) technique to process and
selectively capture the most relevant parts of multi-source features through a series
of learnable attention modules, thereby helping to learn better decision boundaries
to boost performance. Furthermore, we introduce a novel Multi-Level Repre-
sentation Optimization (MLRO) strategy to adaptively refine the representation
networks, offering adaptive representations that enhance plasticity. To mitigate
over-regularization issues, we propose a novel Adaptive Regularization Optimiza-
tion (ARO) method to manage and optimize a switch vector that selectively governs
the updating process of each representation layer, which promotes the new task
learning. The proposed MLRO and ARO approaches are collectively optimized
within a unified optimization framework to achieve an optimal trade-off between
plasticity and stability. Our extensive experimental evaluations reveal that the
proposed framework attains state-of-the-art performance. The source code of our
algorithm is available at https://github.com/CL-Coder236/LMSRR.

1 Introduction

To thrive in natural environments, advanced intelligent entities must possess a robust ability to
assimilate new information while retaining previously acquired critical knowledge [[17]. This ability,
known as continual learning (CL), is also pivotal in artificial intelligence systems, facilitating the
deployment of numerous real-time applications such as autonomous driving and robotic navigation.
Despite the impressive performance of contemporary deep learning models on static datasets [21]], they
experience substantial performance degradation in continual learning scenarios due to catastrophic
forgetting [44]. This phenomenon occurs when the neural network overwrites its parameters to
accommodate new task learning, leading to network forgetting.
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Recent research has expanded beyond the issue of catastrophic forgetting to introduce two pivotal
concepts in evaluating a model’s efficacy in continual learning : plasticity, which refers to the
model’s capacity to assimilate new tasks, and stability, which denotes its ability to retain previously
acquired knowledge [28]]. Most existing studies mainly focus on enhancing stability by developing
several methods, which can be divided into three primary categories : Rehearsal-based techniques
[LO, 4], which utilize and refine a memory system to retain select historical examples; dynamic
expansion-based methods [[1324]], which focus on dynamically constructing and integrating new sub-
networks within a cohesive framework to accommodate new information; and regularization-based
strategies [30, [42]], which seek to fine-tune and adjust the model’s parameters by imposing penalties
on substantial alterations to critical parameters. Among these strategies, leveraging a memory system
is an effective means of maintaining stability, though its efficacy diminishes significantly when the
memory buffer size is constrained [60]. Conversely, dynamic expansion methods are suitable for
handling extended task sequences, maintaining robust performance on historical tasks by freezing
all previously trained network parameters [61]. Nonetheless, freezing the majority of the model’s
parameters can prevent the new task learning and thus adversely affect plasticity.

To balance stability and plasticity in continual learning, recent studies have explored pre-trained
models by either extracting robust features or dynamically constructing new sub-networks based
on these foundational architectures [40, 15, 43]]. Nonetheless, the effectiveness of these approaches
largely relies on the selection of the pre-trained backbone, which would fail to achieve optimal
plasticity, particularly when confronted with novel data domains. In this study, we tackle this challenge
by introducing an innovative framework named Learning Multi-Source and Robust Representations
(LMSRR). This framework orchestrates several different pre-trained Vision Transformer (ViT)
backbones as representation networks, delivering robust feature information to enhance performance.
Specifically, we propose a novel Multi-Scale Interaction and Dynamic Fusion (MSIDF) method
to proficiently amalgamate multi-source features from diverse representation networks into an
augmented representation. This method captures the most important parts of the representation
in response to incoming samples through several learnable attention modules, thereby enhancing
plasticity. Furthermore, the proposed MSIDF approach incorporates an adaptive weighting mechanism
to autonomously determine the significance of each attention module, facilitating the interaction
among multi-scale features and aiding in uncovering the intricate underlying structure of the data,
which further improves the model’s performance.

On the other hand, numerous existing studies usually freeze the representation network to ensure
stability, which inadvertently diminishes the model’s capacity to learn new tasks due to the limited
number of activation parameters. In this paper, we address this challenge by introducing an innovative
Multi-Level Representation Optimization (MLRO) strategy. This approach incorporates a penalty
term in the primary objective function, which minimizes the divergence between all previously
acquired and currently activated representations, thereby maintaining stability during the new task
learning. Furthermore, we propose a novel Adaptive Regularization Optimization (ARO) strategy,
designed to selectively penalize parameter changes within each representation layer. Specifically, the
proposed ARO approach introduces a learnable switch vector, which is dynamically optimized and
continuously generates differentiable variables to selectively regulate the optimization process of each
representation layer during training. Such an approach effectively relieves over-regularization issues
while preserving robust plasticity. Unlike prior multi-model fusion approaches such as CoFiMA [41]]
and Model Soup [58]], which either average independently trained models or expand architectures
with task-specific modules, our LMSRR framework dynamically aggregates multiple pre-trained
backbones through a unified feature-space fusion mechanism. This design enables LMSRR to adapt
efficiently across tasks in continual learning scenarios without introducing additional task-specific
parameters.

We conducted an extensive suite of experiments in continual learning, and the empirical findings
reveal that the proposed approach attains state-of-the-art performance. The principal contributions of
this research are delineated as follows :

® We propose a novel LMSRR framework to explore multi-source representations from several
different pre-trained ViT backbones to boost the model’s performance in continual learning.

® We propose a novel MSIDF approach to effectively integrate multi-source features into a compact
and semantically rich representation, which can maintain good plasticity.



® We propose a novel MLRO approach to automatically regulate the optimization process of each
representation layer, which can maintain stability during the new task learning.

® We propose a novel ARO approach to optimize a learnable switch vector that selectively penalizes
the change in the parameters of each representation network, which can avoid over-regularization
issues.

2 Related Work

Rehearsal-based techniques represent a widely adopted strategy for mitigating forgetting by dynam-
ically incorporating a limited number of historical examples into the memory buffer [5,9]. These
memory samples are leveraged alongside new training instances to enhance model performance
during the new task learning. Thus, the quality of the memorized samples is paramount within
the rehearsal-based optimization framework [20]. Moreover, rehearsal-based approaches can be
augmented through the integration of regularization techniques, with the objective of further elevating
the overall efficacy of the model [2, 114, 26]]. In addition, memory studies have proposed to train the
generative models to implement the memory system, which can provide infinite generative replay
samples [1, 47,152,164} 31]].

Knowledge distillation (KD) techniques were initially developed for model compression. The funda-
mental concept of the KD framework involves establishing a teacher-student architecture, wherein a
loss function is employed to align the predictions of the teacher and student models. This process aims
to facilitate the transfer of knowledge from the complex teacher model to the simpler student model
[18,123]. KD has found extensive applications in deep learning, yielding substantial results. Given its
advantageous properties and performance, KD has also been utilized to mitigate network forgetting
in continual learning scenarios. The primary objective of integrating KD within continual learning
is to minimize the divergence between the predictions of the student and teacher models during
task learning, as outlined in Learning Without Forgetting (LWF) [37]. Moreover, rehearsal-based
approaches can be synergistically combined with KD to form a unified learning framework, which
has demonstrated enhanced model performance, as illustrated in [48]]. Additionally, the self-KD
approach has been proposed to maintain previously acquired representations, thereby alleviating
network forgetting, as discussed in [9]].

Dynamic network architectures represent a robust approach to mitigating network forgetting in con-
tinual learning [13]]. Such approaches dynamically expand the network capacity to enhance the
learning ability for new tasks [29, 53]]. Beyond convolutional neural networks, dynamic expan-
sion techniques have also been explored to leverage the capabilities of Vision Transformers (ViT)
[L5] as the foundational backbone. These methods typically create self-attention blocks combined
with task-specific classifiers to adapt to new tasks [[16} 59, 43]]. Additionally, another investigation
[46] proposes a dual learning framework that integrates a ViT with a multimodal large language
model, introducing a Mises—Fisher Outlier Detection and Interaction (vMF-ODI) strategy to enhance
inter-model communication. However, these methodologies often involve freezing large portions
of the pre-trained backbone, which limits adaptability to complex and unseen domains. Moreover,
recent architecture-based methods such as RPSNet [25] alleviate forgetting by selecting task-specific
subnetworks within a shared backbone, enabling partial parameter reuse across tasks. In contrast, our
LMSRR maintains a fixed architecture and performs semantic-level fusion across multiple pretrained
backbones, achieving task-agnostic adaptability without subnetwork selection.

3 Methodology

3.1 Problem Statement

In continual learning (CL), models face the limitation of being unable to access the entire training
dataset. The training for each task is restricted to data samples pertinent to the current task, and data
from previous tasks is inaccessible. A prominent scenario in this domain is Task-Incremental Learning
(TIL), where the training dataset D° = {(x;,y;)|j = 1,---, N°} is divided into multiple task-

specific subsets {Dj, - - - , Dg., }, each corresponding to an individual task 7;. During the learning of
a specific task 7 7, the model is confined to data samples from the relevant training subset D3, while
all prior subsets {Dj3, - - - , D, } remain inaccessible. In each task, the model learns to discriminate
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Figure 1: The overall framework of the LMSRR. During training, only the last L’ layers of each ViT
backbone are trainable, with the rest frozen. Data samples are processed by these ViT backbones to
extract feature outputs, which are subsequently stacked. The stacked features are integrated through
the proposed MSIDF module before being passed to a fully connected classifier for final prediction.
In addition, the proposed MLRO approach optimizes the representation networks by penalizing
shifts in the parameters, which can ensure the preservation of all previously learned information.
Furthermore, we introduce a novel ARO approach to adaptively regulate the optimization process of
the representation networks, which can relieve over-regularization issues.

among classes within that task, and the task identifier is provided during both training and evaluation,
allowing the model to use task-specific output heads or parameters when necessary.

The goal of a model in continual learning is to progressively optimize the parameters as new task
data is introduced, minimizing the overall training loss across all tasks. Specifically, the model aims
to find the optimal set of parameters 8* from the parameter space O, such that the loss function is
minimized over all training samples from each task. This problem can be formalized as the following
optimization problem :

1 j 1 N3
o =arguin 37 {52 37 (e falx) 1. M

0cd J

where 6* represents the optimal model parameters, and L(-, ) is the loss function, which is commonly
implemented as the cross-entropy loss to measure the discrepancy between model predictions and
true labels. The function fy(-): X — ) represents the classifier with parameter set 6, which maps
input samples x. € X to their predicted labels y. € ), where X and ) denote the data and class
label space, respectively. N7 is the total number of samples in the training subset D;. Due to the
inaccessibility of historical examples in continual learning, many studies have implemented the goal
of Eq. (I) by proposing to employ a memory system to preserve historical examples.

After completing the learning of all tasks {77, - - , Tn }, the model’s performance is evaluated using
all test datasets {D?,--- , D% }. This evaluation not only considers the model’s performance on
the current task but also examines its performance on previous tasks, providing a comprehensive
assessment of the model’s ability to adapt to a continuously changing data distribution.

3.2 Multi-Source Representation Network

Acquiring robust and semantically enriched representations can markedly enhance model performance
across diverse applications [6]. Numerous studies have leveraged pre-trained neural networks to
deliver potent and resilient representations, with the objective of augmenting performance in continual
learning [65]]. Nonetheless, these approaches need to carefully select an appropriate pre-trained
backbone, which may not achieve optimal plasticity when confronted with novel data domains. In
this study, we propose an innovative framework to manage and optimize several different pre-trained
Vision Transformers (ViTs) as foundational representation networks, thereby providing robust and



semantically enriched representations for continual learning. Let fpi: X — Z denote the i-th
pre-trained ViT backbone, which processes the image x € & as input and outputs a feature vector
z € Z,wherei = 1,--- ,T and T signifies the total number of ViT backbones. Here, Z € R
and X € RY represent the feature and data spaces, respectively, with d. and d,, as their respective
dimensions.

Integrating the output features from various representation networks, each containing distinct intrinsic
properties, can yield a rich diversity of representational information. A straightforward and effective
method involves consolidating multi-source features into a unified representation for a specific data
point x4, as described by :

Z;:fel(xs) ®"'®f€T(XS)7 2
where @ signifies the fusion of several feature vectors into an expanded dimensional space. Utilizing
the enhanced representation z’,, we can dynamically create a new expert to learn a decision boundary
for a specific task, aiming to implement the prediction process. Specifically, the expert is implemented
using a linear classifier f,: Z¢ — ), which receives an augmented representation and returns a
prediction, expressed as :

Yo = folfor(xs) ® - @ for(xs)), ©)
where y; = {y] 5, - ,Yc 4} denotes the predicted probabilities, with C' signifying the total number

of categories. Z¢ € R%* denotes the d.-dimensional feature space associated with the augmented
representation z/,, while ) € R% represents the d,-dimensional prediction space. Unlike model-
averaging or ensemble-based approaches that combine multiple independently trained models, our
framework performs feature-space fusion of several pre-trained ViT backbones within a unified
continual learning setup, maintaining a fixed inference path without parameter growth.

3.3 Multi-Scale Interaction and Dynamic Fusion

The augmented representations formulated in Eq. (2) assume an equal contribution from each
representation network towards the learning of a new task. However, this approach does not fully
exploit the representational capacity. Moreover, simply combining these multi-source features can
cause redundancy in the representational information, resulting in performance degradation. In this
research, we tackle these issues by introducing an innovative MSIDF mechanism that autonomously
filters out redundant information while preserving essential feature components. Specifically, for a
given input x,, the proposed MSIDF mechanism initially constructs an augmented representation by :

Zs = for(xs) @+ o fyr(X,), 4

where e signifies the operation that stacks multiple vectors { fg1(xs)," - , for (Xs)} into a matrix
Zs € RT*4= Subsequently, the proposed MSIDF framework introduces a set of adaptive attention
modules {Aj,- -, A, }, where each attention module .A; is characterized by a learnable matrix
Wi € RFXT with a window size k;, designed to discern the most pertinent feature components.
The process of using a specific attention module (the j-th module) to the representation matrix z. is
articulated as follows : ‘

Fy(zs,1) = W oz, [1][i 1 i + kj], (5)
where o denotes the Hadamard product and z,[:][i : ¢ + k;] denotes a matrix starting from the row ¢
and ending at the row ¢ + k;. By using Eq. (), we can form a processed representation by :

Zéth(isaO)(@a 7®Ft(257d2_k3+1)’ (6)

where ZJ denotes a representation refined through the j-th attention module. For attention modules
with varying window sizes, we utilize symmetric padding techniques to ensure that the dimensions of
the representations processed by each attention module are consistent with those of other attention
modules. Furthermore, to facilitate the cooperative optimization of these attention modules, the
proposed MSIDF mechanism introduces a trainable adaptive parameter p; to ascertain the significance
of each A; during the training phase. To prevent numerical overflow, we normalize each trainable
adaptive parameter p; by :

Py = exp(p;)/Y_ exp(pe). ™

By using the adaptive weights, all processed representations {Z!, - -- , Z™} are integral by :

z.=y. {#z]. ®)



where Z, denotes the ultimate augmented representation, which is fed into a linear classifier for
prediction. In contrast to Eq. (2)), Eq. [8) can provide a more concise and informative representation,
maintaining a constant feature dimension even as the number of representation networks increases.

3.4 Multi-Level Representation Optimization

Refining the parameters of representation networks can facilitate the acquisition of new tasks,
thereby enhancing their plasticity. Nevertheless, optimizing the entire parameter set of the model
is computationally intensive due to the substantial number of hidden layers and nodes within each
representation network. Recent research has shown that high-level representations from large-
scale pre-trained neural networks provide semantically rich information, which enhances model
performance in downstream tasks [38| 62]]. Based on these empirical insights, we propose optimizing
only the last L’ layers to mitigate computational demands. To ensure stability in continual learning,
we introduce an innovative MLRO method, which regulates the representation updating behaviour
during the optimization process. Specifically, let f;; denote a representation network trained on the
preceding task (7;_1) and kept static during the learning of a new task (7;), while fy; is the active
representation network during the new task learning (73), where 5 = 1, --- | T'. Each representation
network fy; consists of L’ trainable feature layers, represented as { f"i L f"i }, where each

fo it Z ¢=1 — Z¢ processes the representation over the feature space Z°~! extracted by ij,l and

outputs the representation over the feature space Z¢. A representation extracted by a specific feature
layer of a representation network is articulated as follows :

fe{ (x) k=
Fy(fos,x, k) = fag(fe{(x)) k=2 )
fgi(' - fe;’(fe{(x))) 3<k<L.
For a given data batch X = {x;,--- ,x;} at the i-th task learning, we extract the representations
using the j-th active representation network, expressed as :
Fz(vaGJvk) = {Zs | Zs = Ff(fejvxsa ]{Z),S = ]-v e 7b} ) (10)
where b denotes the batch size. We can obtain a collection of feature vectors {Z(" ~L) ... ZGL )

by leveraging the last L’ active feature layers of the j-th backbone f,;, where each ZU+*) is computed
using F. (X, fp;, k). Similarly, we utilize each frozen representation network f;; to extract a
set of previously acquired feature vectors {ZU-L—L") ... ZU:.L)} using Eq. (T0), with ZGF) =
F.(X, fg;, k). The proposed MLRO approach incorporates a regularization loss component aimed
at minimizing the divergence between the previously acquired and currently active representations,
formulated as follows :

T L

Fre(X) = ijl {Zk:L—L/ {Fas(209), Z(M))}} ' an

where Fy;is (-, -) represents a generic distance metric used to quantify the divergence between two sets
of feature vectors. We opt for the L2 distance due to its computational efficiency and straightforward
implementation. Furthermore, to address the shifts in the representations of historical examples, we
incorporate a memory buffer M designed to store and maintain numerous past instances. As the
primary focus of this paper is on optimizing representation strategies rather than the memory system,
we consider employing a simple reservoir sampling method [54] for memory updates, ensuring
computational efficiency.

3.5 Adaptive Regularization Optimization

The representation optimization process, as delineated in Eq. (TT), presupposes uniform regularization
intensity across all representation layers during training, which may not yield optimal plasticity. This
paper tackles this limitation by introducing an innovative ARO method that selectively constrains
parameter alterations in each representation layer throughout the optimization process. Specifically,
the proposed ARO method incorporates a trainable switch vector {w{’k, w%k} for the k-th trainable

feature layer within the j-th representation network, where wi’k and wzk represent the probabilities



of activation and deactivation of the k-th representation layer, respectively. A straightforward method
to determine the penalization of changes involves converting the switch vector to one-hot encoding;
however, this approach lacks differentiability. To overcome this challenge, we propose utilizing the
Gumbel-Softmax distribution [19] to produce differentiable variables, expressed as :

ik exp((log(wi®) +g1)/7)
b {exp((log(w]®) + g0) /7))

where ¢, is drawn from Gumbel(0,1) and d}{’k is the differentiable approximation of wl’k. T represents
a temperature parameter and a large 7 encourages samples from the Gumbel Softmax distribution
to become one-hot representations. Using differentiable category variables defined in Eq. (I2) can
derive a new regularization loss function :

(12)

T L

=,k k) &7k
X)) =3 {0, {6 R (@D, 200, (13)
Compared to Eq. (T), the regularization loss term defined in Eq. can selectively penalize the

changes in the parameters of each representation layer, which can relieve over-regularization issues
and enhance plasticity.

3.6 The Optimization Framework

Algorithm 1 Training procedure of LMSRR The proposed framework involves T’ representa-
- tion networks { fp1,- - , for } and a linear clas-
RequnSr € Nun}gber of tasks N, dataset jfier f,. In order to update the parameters of
{Dr, ..., Dy}, training iterations per task 7 these modules, we introduce a unified objective
Ensure: Trained parameters of {fp1,..., for} function at the i-th task learning (7}), defined
and classifier fg as
fori=1to N do
for j = 1ton do Lrons = Ex )t g aq [ 20, _, (Fee (. fo(Zi)}]
Step 1: Multi-source feature construction
Sample a minibatch X = {x3,...,x}} + A(Boew)mr g [FA(X)]
from DY +Eox vy mbps [FAX)])
Compute multi-source backbone outputs ‘ (14)
{for(xs), .-, for (x4)} where IP’Df and pr denote the distribution of
Construct stacked representations zs using the dataset Ds and the memory buffer M, re-
Eq. @) spectively. Ppsg g denotes the distribution of
Obtain fused representations Z, through (he combined dataset Dg and M. Foo(-,-) is the
the MSIDF module using Eq. (8) cross-entropy function and A is a hyperparam-

. . . eter that controls the effects of the regulariza-
Step 2: Representation-level regl(ll%lzatlon tion term during the optimization process. We
Obtain active representations Z>" from  provide the detailed learning process of the pro-

the last L' layers using Eq. (T0) posed framework in Fig. [T] while the detailed

Obtain frozen references ZU*) using pseudocode is provided in Algorithm 1 which

Eq. (I0) consists of three steps :

Compute adaptive regularization Fa (X)

using Eq. (13) Step 1. Form augmented representations : For a
given data batch X = {x1,---,x;}, we can

Step 3: Parameter update obtain fused representations Zg through the

Compute total loss Lo using Eq. (T4) MSIDF module using Eq. (§).

Update the model’s parameters . . .
Step 2. Adaptive representation optimization :

end for h
end for For a given data batch X = {x1, - ,?cb},
we can get all active representations
{ZOD) ... Z(TI)} as well as all previously learned representations {Z(MF), ... Z(T:L)}

using Eq. (I0). The regularization term is calculated using Eq. (T3).
Step 3. Optimizing the model : We update all model parameters {¢, W', ... 'W™} using Eq. (T4).

In addition, we also update the adaptive parameters {pi,--- ,pmn} as well as the parameters
{wP™ 5wy o wlt wg "} of the proposed ARO approach using Eq. (T4).



Table 1: The classification accuracy on standard datasets is presented as the average over three runs.
"Average" denotes the average accuracy across all tasks, while "Last" indicates the accuracy of the
final task. The "-" in the table signifies that experiments could not be conducted due to compatibility
issues or intractable training time problems.

Buffer Method CIFAR-10 Tiny ImageNet R-MNIST
Average Last Average Last Domain-IL
EWC [51] 68.29+3.92 97.07+0.74 19.201+0.31 75.15+£3.18 77.35+£5.77
SI [63] 68.05+5.91 94.184+0.88 36.3240.13 65.80+3.25 71.91+5.83
LwF [37] 63.29+2.35 96.75+0.35 15.851+0.58 77.95+3.60 -
. PNN [50] 95.13+0.72 96.63+0.10 67.841+0.29 69.03+£1.01 -
DAP [27] 97.13+2.06 96.05+3.39 92.49+0.60 94.95+1.20 88.58+2.53
ER [49] 91.19+0.94 97.50+0.35 38.174+2.00 79.40+£0.28 85.014+1.90
GEM [39] 90.44+0.94 96.60+0.35 - - 80.80+1.15
A-GEM [12] 83.88+1.49 97.90+0.07 22.7740.03 78.65+3.32 81.914+0.76
iCaRL [48] 88.9942.13 97.0740.32 28.194+1.47 47.451+0.78 -
200 FDR [7] 91.01+0.68 97.78+0.24 40.36£0.68 81.4010.70 85.2243.35
GSS 3] 88.8042.89 97.421+0.24 - - 79.50+0.41
HAL [11] 82.514+3.20 94.60+0.14 - - 84.0240.98
DER [8] 91.40+0.92 97.80+0.28 40.2240.67 79.15+0.21 90.04+2.61
DER++ [8] 91.9240.60 97.724+0.38 40.87£1.16 78.35+0.49 90.43+1.87
DER++(re) [56] 92.01+£3.03 97.65+3.03 47.61£8.87 81.40+1.41 91.64+2.26
Ours 98.85+0.05 99.35+0.21 92.08+£0.31 96.00-£0.01 94.20+1.24
ER [49] 93.61+0.27 97.15+0.28 48.64£0.46 80.80+1.69 88.91+1.44
GEM [39] 92.16+0.69 96.63+0.17 - - 81.15+1.98
A-GEM [12] 89.48+1.45 97.40+0.78 25.334+0.49 81.001+0.42 80.314+6.29
iCaRL [48] 88.2242.62 96.5740.10 31.55+3.27 50.65+1.20 -
500 FDR [7] 93.29+0.59 97.324+0.24 49.88+0.71 81.101+0.56 89.67+1.63
GSS 3] 91.02+1.57 96.97+0.24 - - 81.5840.58
HAL [11] 84.5442.36 94.2240.60 - - 85.0040.96
DER [8] 93.40+0.39 97.90+0.28 51.784+0.88 79.30+1.13 92.24+1.12
DER++ [§] 93.88+0.50 98.10+0.01 51.911+0.68 76.20+5.23 92.77£1.05
DER++(re) [56] 93.06+0.38 97.75+0.38 54.06+0.79 79.65+1.34 93.28+0.75
Ours 99.15+0.05 99.48+0.04 92.75+0.32 96.23+0.40 96.97+1.58
ER [49] 95.34+0.16 97.671+0.67 55.9240.90 80.3010.82 90.42+1.07
GEM [39] 93.67+0.32 97.37+0.17 - - 81.15+1.98
A-GEM [12] 85.614+2.01 97.45+0.42 24.294+1.28 79.65+2.19 81.304+5.33
iCaRL [48] 91.40£1.06 96.85+0.35 63.871+0.25 54.00+2.82 -
1000 FDR [7] 94.02+0.64 97.60+0.56 56.05+0.71 80.251+0.49 91.68+1.01
GSS 3] 91.79+£2.16 96.10+1.70 - - 82.254+2.42
HAL [11] 87.33+1.46 92.27+3.21 - - 89.334+2.01
DER [8] 92.33+0.61 97.724+0.07 56.62+1.13 78.50+0.42 93.13+0.28
DER++ [8] 94.99+0.26 97.941+0.08 58.051+0.52 79.95+0.35 93.82+0.39
DER++(re) [56] 93.66+£1.00 97.4010.01 61.91+1.15 80.45+3.18 93.37+0.58
Ours 99.21+0.06 99.43+0.03 93.24+0.24 96.10+£0.57 97.05+0.04

4 Experiment

4.1 Experimental setting

Datasets. we conducted extensive experiments on seven different datasets, including CIFAR-
10 [33]], TinyImageNet [35], MNIST [36], CIFAR-100 [34], CUB-200 [55], ImageNet-R [22]],
and Cars196 [32]]. We provide the detailed experiment setting in Appendix A from Supplementary
Material (SM).

4.2 Results on Standard Datasets

In this section, we compare the proposed approach with several baselines on the standard datasets,
including CIFAR-10, Tiny ImageNet and R-MNIST, under memory buffer sizes of 200, 500, and
1000. The empirical results are reported in Tab. [I]. These results show that LMSRR significantly
outperforms the other baselines in terms of classification accuracy. This highlights LMSRR’s ability
to effectively retain previously acquired knowledge as the number of tasks increases, demonstrating
its remarkable plasticity and resistance to catastrophic forgetting.

Previous CL methods, such as EWC, SI, and LwF, have lower average accuracy. The reason behind
this result is that regularization-based methods typically degrade when the new task contains abundant
different information with respect to prior tasks. PNN, as a dynamic expansion model, still struggles
with scalability when dealing with long sequences of tasks, which significantly reduces its perfor-



Table 2: The classification results of various models on complex datasets, with a memory buffer size
of 500, calculated as the average results of three independent runs.

CIFAR-100 CUB-200 Imagenet-R Cars196
Method
Average Last Average Last Average Last Average Last

ER [49] 73.374£0.43 93.35+1.34 30.57+4.81 35.57414.86 24.85+£4.06 45.854+0.01 30.52+4.4 54.3245.07
A-GEM [12] 48.06£0.57 92.804+0.32 13.22+0.31 42.184+0.01 16.87£2.65 47.56+12.31 8.07£0.15 16.45+7.41
FDR [7] 76.29+£1.44 93.60+1.34 23.944+0.07 45.58+0.19 15.74£3.69 42.14+£10.75 31.41+1.30 58.36+1.17
GSS 3] 57.50£1.93 92.80+2.98 27.04+0.28 42.01+£0.08 17.83£0.88 33.4446.75 34.67+2.27 56.80%4.15
DER [8] 74.93+£1.06 93.25+0.35 26.1942.07 51.79+1.08 18.26£1.67 25264047 39.75+0.36 68.024+5.20
DER++ [8] 75.6440.60 92.60+0.14 33.40+1.48 49.83+1.63 22.87£5.83 43.10+£10.51 35.39+3.38 60.56+8.45
DER++refresh [56] 77.71£0.85 93.4041.13 35.77+3.20 50.854+0.47 23.74£3.03 31.00+0.01 33.944+2.46 60.29+4.73
CoFiMA [41] 94.214£0.47 96.13+0.59 90.66+0.76 92.54+0.28 83.76£0.53 85.8610.58 87.284+0.54 90.3310.45
DAP [27] 90.11£0.33 92.30+2.12 71.83+1.44 72.23+2.85 83.22£1.25 84.61+2.85 39.79+1.85 65.354+2.21
L2P [57) 95.36+£0.12 96.80+0.14 86.30+0.21 90.81+0.24 86.01+£0.30 87.504+0.90 79.55+0.86 84.4540.12
Ours 95.76+0.08 98.701+0.37 88.91+0.64 94.314+0.12 84.35£0.52 88.43+0.15 90.141+0.06 95.32+0.39

mance. Experience replay-based methods, such as GEM, GSS, DER, DER++, and DER++refresh,
experience noticeable performance drops when the memory buffer is limited. This indicates that
these methods struggle to capture critical informative samples when the memory buffer is constrained.
Notably, our model maintains excellent performance even with a small buffer size, further proving its
adaptability and effectiveness across various continual learning scenarios.

4.3 Results on Complex Datasets

We evaluate our method against various baselines on complex datasets, and report the average and
last accuracy in Tab. 2] Replay-based methods such as ER, DER, and GSS show clear performance
degradation on complex datasets, reflecting their limited ability to capture fine-grained visual seman-
tics when constrained by a fixed memory buffer. Although DAP and L2P leverage prompt-based
mechanisms to mitigate representation drift and achieve better adaptation, their performance still
relies heavily on the alignment between the pre-trained backbone and the target domain. For exam-
ple, L2P performs well on ImageNet-R but struggles on Cars196, where the distribution gap from
pre-training data is large.

CoFiMA, which employs a multi-model ensemble strategy through fixed-weight logit-level integration
and introduces a new adapter for each task, shows strong results on CUB-200, benefiting from its
ability to preserve task-specific knowledge. However, its design leads to parameter growth and task-
dependent routing during inference, which limits scalability. In contrast, LMSRR attains consistently
superior or comparable performance across all datasets within a unified architecture, achieving the
highest results on CIFAR-100 and Cars196.

4.4 Ablation Study

In this section, we perform a full ablation study experiment to investigate the performance of the
LMSRR with different configurations. More ablation study results are provided in Appendix B from
SM.

Backbone. To ensure a fair comparison, we adopted the same multiple pre-trained ViT models as
our method’s backbone for other SOTA methods that do not involve modifications to the backbone
network structure. In these methods, each pre-trained ViT model is only allowed to update the
parameters of the last three feature layers. The feature representations extracted by each pre-trained
ViT are concatenated and then fed into a linear classifier to obtain the final output. Fig. shows
the average accuracy of our method and SOTA models on the ImageNet-R dataset under different
memory buffer configurations. The results indicate that our method consistently achieved the highest
accuracy across various buffer sizes and significantly outperformed other models.

Forgetting rates. Fig. 2(b)| presents the forgetting curves of our method and other methods on
the ImageNet-R dataset. The results show that some SOTA models exhibit significant forgetting,
especially static models like ER and DER, whose performance drops notably as the number of
tasks increases. In contrast, our method maintains stable and superior performance, achieving the
lowest forgetting rate. This is attributed to our MLRO technique, which continuously adjusts the
representation optimization process over time, effectively mitigating network forgetting.
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Figure 2: (a) Comparison of performance of various models with varying buffer sizes on ImageNet-R,
where each model uses the same backbone. (b) Comparison of forgetting curves of the proposed
approach with other benchmark methods on ImageNet-R. (c) Performance variations of the proposed
MSIDF method under different configurations.

Different configurations. The MSIDF is driven by multiple attention modules of varying sizes,
which can impact model performance based on their dimensions and quantity. To evaluate the
MSIDF mechanism, we test the following four configurations across multiple datasets: MSIDF
with two attention modules of different sizes-3 & 5; MSIDF with only a size-3 attention module;
MSIDF with only a size-5 attention module; and a baseline model without the MSIDF mechanism.
The experimental results, as shown in Fig. indicate that the MSIDF with two differently
sized attention modules achieved the highest classification accuracy, and models using MSIDF
outperformed the baseline model without this mechanism. These findings highlight the significance
of MSIDF in enhancing overall model performance by effectively capturing more critical feature
information through attention modules of diverse sizes.

5 Conclusion and Limitation

This work introduced LMSRR, a framework that leverages multiple pre-trained ViT backbones to
obtain diverse and complementary representations, employs MSIDF for multi-scale feature interaction,
and incorporates MLRO and ARO to balance plasticity and stability through representation-level
regularization and adaptive layer-wise constraints. Extensive experiments across seven datasets
demonstrate that LMSRR consistently improves accuracy and mitigates forgetting under various
memory budgets. A limitation of the current study is that LMSRR relies on a fixed collection of
pre-trained backbones and has not yet explored scalability to broader backbone families or multimodal
environments. Future work will investigate more flexible backbone integration strategies and extend
the framework to more dynamic and open-world continual learning scenarios.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction accurately reflect the paper’s contribution and
scope.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations of our paper in the conclusion.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: The paper does not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide the algorithm implementation in Section [3.6] along with the source
code. The detailed experimental setup is documented in Appendix-A.

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We provide the source code in Github.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide the algorithm implementation in Section [3.6] along with the source
code. The detailed experimental setup is documented in Appendix-A.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

 The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: The paper reports average results over multiple experimental runs to ensure
statistical reliability.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper explicitly specifies the computational environment and resource
consumption for each experiment in Section [d]and Appendix-A, including hardware type
(e.g., GPU model), memory configuration, and execution time, which helps others accurately
estimate the resources required for reproduction.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The research conducted in our paper conform, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: The paper does not involve any immediate societal impact.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

18


https://neurips.cc/public/EthicsGuidelines

11.

12.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper does not involve any data or models with significant risk of misuse,
and therefore no specific safeguards are required.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]
Justification: The paper does not use existing assets.
Guidelines:
* The answer NA means that the paper does not use existing assets.

 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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13.

14.

15.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowdsourcing or any research involving human
subjects.

Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowdsourcing or any research involving human
subjects.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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