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Abstract

Class-incremental learning (CIL) enables models to continu-
ously learn from streaming data while mitigating catastrophic
forgetting of prior knowledge. Our research reveals that the
CIL performance of pre-trained models (PTMs) varies sig-
nificantly across different datasets, a phenomenon underex-
plored in existing studies. Through visualization, we ob-
serve that flatter loss landscapes correlate with superior CIL
performance. This insight motivates us to enhance PTMs’
CIL capability by promoting loss landscapes’ flatness. Ini-
tially, we propose independently optimizing multiple adapter
branches to equip PTMs with diverse learnable parameters,
thereby improving stability during parameter updates. How-
ever, given computational and memory constraints, the num-
ber of adapters a PTM can accommodate is limited. To ad-
dress this, we introduce a training strategy with randomized
adapter amalgamation (RAA), compelling the model to main-
tain low loss across a broader and more continuous parameter
space, significantly enhancing flatness. Furthermore, we re-
fine existing sharpness-aware minimization techniques to fur-
ther optimize the loss landscapes. Our extensive experiments
and visualization results validate the efficacy of the method,
resulting in the state-of-the-art (SOTA) performance.

Code — https://github.com/HAIV-Lab/RAA

Introduction
Class-incremental learning (CIL) aims to enable models to
continuously learn in the incoming data stream while re-
taining learned information. Numerous methods have been
proposed to mitigate the challenge of catastrophic forgetting
within the realm of CIL, with the shared objective of devel-
oping a model with stability and plasticity. These approaches
(Rebuffi et al. 2017; Wang et al. 2022a; Aljundi et al. 2018;
Kirkpatrick et al. 2017; Mallya and Lazebnik 2018; Mallya,
Davis, and Lazebnik 2018) are dedicated to improving adap-
tation to novel data streams while maintaining proficient per-
formance in both recent and historical data in a harmonious
manner. However, these methods do not take into account
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Figure 1: Relationship between loss landscapes and the sta-
bility. Models are able to retain lower loss when switching
to the following sessions with flatter loss landscapes.

leveraging the generalization of large-scale pre-trained mod-
els (PTM) (Alexey 2020), which have achieved revolution-
ary success in the training of deep neural networks.

Recent PTM-based CIL methods are being actively ex-
plored and have shown significant performance gains (Zhou
et al. 2024a). The enhancement can be attributed to the
generalization imparted by models pre-trained on extensive
datasets. Existing approaches primarily leverage the gen-
eralization through efficient parameter tuning methods, yet
the updates to learnable parameters across different sessions
still lead to forgetting of the old data distribution. While the
stability-plasticity dilemma remains a pivotal research fo-
cus in CIL, existing evaluation metrics, primarily relying on
per-session accuracy degradation, fail to provide direct and
comprehensive quantification of this fundamental trade-off
capability. Moreover, our investigations reveal that the CIL
performance of different PTMs exhibits significant variabil-
ity across diverse datasets, a phenomenon that remains un-
explored and inadequately explained in current studies.

In this paper, we conduct experiments on various datasets
with different PTMs and find that the performance is in-
consistent across different datasets. To explain this phe-
nomenon, inspired by (Foret et al. 2020), improving the gen-
eralization of neural networks, we sought to explore the cor-
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relation between the CIL performance with flatness of the
loss landscapes. In this context, flatness denotes the capac-
ity to maintain low loss as the model parameters oscillate
around the optimal point. As parameters update during CIL,
flat loss landscapes guarantee the preservation of low loss
value while transitioning across sessions (as illustrated in
Fig. 1), which reflects the PTMs’ stability. By visualizing the
loss landscapes, we ascertain that irrespective of the dataset
used, a model’s CIL performance and the flatness of its loss
landscapes exhibit a direct and significant relationship.

The most straightforward way in adapter tuning involves
independently optimizing parameters for multiple adapters,
enabling the original PTM to accommodate a broader range
of additional parameters. This allows the incrementally up-
dated model to maintain low loss on previous data. However,
while increasing the number of adapters enhances general-
ization capability, practical constraints on computational and
memory resources prevent unlimited expansion of adapter
quantities. Furthermore, this approach merely optimizes dis-
crete, independent adapters without guaranteeing continu-
ous low-loss regions across the parameter space.

To address the limitations, we propose a novel training
strategy that randomly combines parameters from multiple
adapters during optimization, enabling the PTM to achieve
lower loss when employing these hybrid adapters. By sam-
pling completely random combination weights at each train-
ing step, the model is required to perform gradient de-
scent on distinct adapter configurations, thereby forcing the
PTM to adapt to a broader spectrum of parameter variations.
Moreover, previous works on flatness optimization are also
evaluated and show improved CIL performance. We follow
(Foret et al. 2020) to utilize and enhance sharpness-aware
minimization (SAM+) to optimize the parameters in a man-
ner that ensures the regions surrounding the model parame-
ters consistently exhibit low loss values, as opposed to solely
identifying an optimal parameter. The experiments and vi-
sualization results demonstrate that our approach effectively
enhances the flatness of loss landscapes, consequently en-
hancing the CIL performance. Contributions are three-fold:

• Our investigation discovers varying CIL performance
among diverse PTMs across different datasets. Through
visualization, we observe a direct correlation between the
flatness of loss landscapes and performance of the PTMs.

• To achieve flatter loss landscapes, we propose an adapter-
tuning method with random amalgamation of adapters
(RAA) and refine the sharpness-aware minimization al-
gorithm (as SAM+). Our methods notably amplify the
flatness and stability of models.

• Experiments are conducted on extensive datasets to
showcase the SOTA performance. Through visualization,
we demonstrate that enhancing the flatness of loss land-
scapes plays a crucial role in alleviating catastrophic for-
getting and improving PTMs’ stability.

Related Works
Class-incremental Learning. Class-incremental learning
(CIL) aims to enable the model to learn new classes with-
out forgetting the old knowledge during the continuous

data stream. Current CIL methods can be mainly divided
into three types: replay-based method (Zhao et al. 2022;
Bang et al. 2021; Jodelet et al. 2023; Gao and Liu 2023),
regularization-based method (Lee et al. 2020; Yang et al.
2023; Wang et al. 2021; Lopez-Paz and Ranzato 2017),
and architecture-based method (Li et al. 2019; Wang et al.
2022b; Yang et al. 2022). Replay-based methods directly
preserve or generate old instances during the new training
phase to resist forgetting. These methods employ different
strategies to retain or generate samples from the past, in or-
der to efficiently use the past information. Regularization-
based methods introduce regularization constraints during
training or maintain the model’s output on the old tasks, thus
avoiding excessive modification of important parameters for
old instances. Architecture-based methods dynamically ad-
just the network structure in response to ongoing learning
tasks, typically by using different expansion strategies.
Continual Learning on Pre-Trained Models. With the
deepening of research in pre-trained models (PTM), the
strong representation capabilities of PTM have opened up
new research directions for CIL. Numerous efficient param-
eter fine-tuning methods in NLP are leveraged for adapt-
ing to the stream of incoming data. Prompt-based methods
(Wang et al. 2022d,c; Smith et al. 2023; Zhou et al. 2024a)
strike a balance between model generalization and plasticity
by introducing a small number of learnable prompt param-
eters. Adapter-based methods (Tan et al. 2024; Zhou et al.
2024a) integrate agile modules between layers of the trans-
former blocks and finetune the parameters within this spe-
cific segment. Alternative methods (McDonnell et al. 2024;
Zhang et al. 2023) focus on feature level, aiming to achieve
a representation space that sustains enhanced discrimination
throughout the incremental process.
Flatness of Loss Landscapes. The concept of Flatness is
initially introduced by (Hochreiter and Schmidhuber 1994),
and its relationship with generalization has been studied in
some works (Keskar et al. 2016; Dinh et al. 2017; Neyshabur
et al. 2017; Mobahi 2016; Chaudhari et al. 2019; Sun et al.
2021). Sharpness-aware minimization (SAM) (Foret et al.
2020) introduces perturbations aligned with sharpness di-
rections to parameters throughout optimization, enabling the
model to attain low loss even in the worst case near the
neighborhood of parameters. There are some works that at-
tempt to optimize flatness for CIL with some success (Deng
et al. 2021; Shi et al. 2021; Ma’sum et al. 2024; Shi et al.
2023). However, existing works primarily focus on loss de-
sign and optimization, overlooking the distinctive character-
istics of PTM-based methods. We aim to address the limita-
tion by leveraging a unique finetuning method for PTMs.

Preliminaries
Adapter-based Class-incremental Learning. CIL necessi-
tates a learning system to integrate fresh class information
while maintaining previously acquired knowledge consis-
tently. Given a data stream comprising T non-overlapping
sequential datasets, denoted as {D1,D2, ...,DT }, where
Dt = {(xi, yi)}Nt

i=1 represents the t-th training dataset, the
instance xi ∈ RD is from class yi ∈ Yt. Yt is the label space
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Figure 2: Loss landscapes of different PTMs on CUB200 (a)
and ImageNetA (b).

PTM
CIFAR100 CUB200 ImageNetA ImageNetR

ALast AAvg ALast AAvg ALast AAvg ALast AAvg

VIT-B/16-1K 90.72 93.77 88.38 92.86 64.88 72.68 80.15 83.87
VIT-B/16-21K 91.48 94.26 89.82 93.73 62.43 70.83 79.38 83.63

Table 1: Experiment results with different pre-trained mod-
els on CIFAR100, CUB200, ImageNetA and ImageNetR.

of session t, and satisfies the condition Yt ∩ Yt′ = ∅ for
t ̸= t′. Consider a neural network Mθ = hθc(fθr (·)) with
parameters θ = {θr, θc}. fθr denotes the feature extractor,
which extracts representations of input images and hθc rep-
resents the classification layer. We aim to learn a network
Mθ, which performs well on test datasets for all seen classes
Yt = Y1 ∪ ...Yt after t-th session. To leverage the general-
ization of the pre-trained model, we employ the parameters
of the PTM for initialization of the feature extractor θr.

Adapter-based methods have demonstrated efficacy in
PTM-based CIL. A typical adapter consists of a downsam-
pled MLP layer Wdown ∈ Rd×h, a non-linear activation
function, and an upsampled MLP layer Wup ∈ Rh×d. We
equip the original MLP structure in ViT with the adapter.
For the input xl, we formalize the output as

out = MLP(xl) +Wup · Relu(Wdown · xl). (1)

With the original parameters of PTM frozen, we only update
the adapters of each layer and the classification head. We use
the cosine classifier with the margin following (Peng et al.
2022). The training loss can be formulated as follows:

Lt(θ) = − 1

Nt

Nt∑
i=1

log
es(cosβi,j−m)

es(cosβi,j−m) +
∑Yt−{j}

c=1 es(cosβi,c)
,

(2)
where s and m are scale factor and margin factor, respec-
tively, and cosβi,j =

fi pj

∥fi∥∥pj∥ , where fi and pj are repre-
sentation of input xi and prototype of class j.
Exploring Flatness in PTMs. Pre-trained models have
demonstrated efficacy in CIL, owing to the robust gener-
alization. However, our experiments, with two commonly
used pre-trained models: vit-base-patch16-224-in21k pre-
trained on ImageNet-21k (Russakovsky et al. 2015) and vit-
base-patch16-224 further fine-tuned on ImageNet-1K (Deng

et al. 2009) after pre-training on ImageNet-21k in Tab. 1,
showcase that models exhibiting strong CIL performance on
certain datasets may demonstrate degraded performance on
others. We investigate such inconsistency from the perspec-
tive of the flatness of loss landscapes.

Unlike geometric flatness, loss landscape flatness reflects
a model’s ability to maintain low loss when parameters
vary near the global minimum. For visualization, we per-
turb model parameters along random Gaussian unit vectors,
calculating loss across perturbation magnitudes to generate
the curves (Fig. 2). The results show that a PTM with flat-
ter loss landscapes, which demonstrates a broader range of
parameter variations within a specific proximity to the loss
minimum (depicted by the blue area), reaches better perfor-
mance. It is evident that the performance of PTMs can be
intuitively assessed through the flatness of loss landscapes.

Methodology
As the optimal minimum in parameter space varies across
different sessions, ensuring parameter updates occur within
flatter loss landscapes enables the retention of low-loss val-
ues for previous data in the subsequent sessions, thereby ef-
fectively improving stability in CIL. Therefore, we sought
to improve the flatness to enhance the stability of PTMs.

We propose a multi-adapter architecture for downstream
adaptation via diverse adapter interactions, reducing param-
eter sensitivity. To counter naive implementations’ param-
eter growth, we introduce randomized adapter composition,
achieving strong performance with minimal parameters. Ad-
ditionally, an enhanced sharpness-aware minimization algo-
rithm optimizes flatness explicitly. The overall framework is
shown in Fig. 3

Individually Optimizing on Multiple Adapters
In adapter-based methods, only a single adapter per block is
optimized during training to adapt to downstream data distri-
butions. In contrast, our approach enables the PTM to main-
tain adaptability under multiple distinct adapters, ensuring
robust performance in each session.

Specifically, we set NA adapters for each block and indi-
vidually update them with different initializations. For each
adapter branch, we duplicate the input NA times, distribut-
ing each copy to its corresponding branch, An = {An

l }Ll=1,
which enables independent loss optimization across multi-
ple adapters while maintaining isolated gradient computa-
tion paths. For the input xn

l of the l-th MLP layer, the output
of the n-th adapter An

l can be formulated as:

An
l (x

n
l ) = Wn,l

up · Relu(Wn,l
down · xn

l ). (3)

We optimize the loss computation across all adapters such
that the model maintains consistently low loss values regard-
less of which adapter’s parameters are activated. The loss
can be denoted as:

Lsingle(θ;A) =
1

NA

NA∑
n=1

L(θ;An). (4)

This multiple mechanism simultaneously enhances parame-
ter robustness and promotes flatter loss landscapes.
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Figure 3: The comparison between adapter tuning, multi-adapter tuning and randomly-amalgamated adapter tuning.

Nevertheless, such a method can only accommodate the
model’s adjustment to a finite set of adapters, constrained
by the original number of adapters. Although increasing the
number of adapters could yield better performance, it will
require an impractical abundance of parameters.

Randomly-Amalgamated Adapter Tuning
We propose an efficient adapter fusion approach using lim-
ited adapters (only 2 or 3 in our method) to construct a con-
tinuous low-loss manifold. Our method creates smooth pa-
rameter interpolations by randomly blending the weights of
these physical adapters during training, enforcing consistent
performance across all possible convex combinations. Un-
like fixed-weight combinations that only optimize discrete
points in the adapter space, our stochastic weight sampling
enables exploration of the entire interpolation spectrum.

The traditional adapter structure, containing nonlinear ac-
tivation functions, does not align with our requirements due
to its nonlinear nature. We propose a novel adapter fusion
framework that enables adapter integration in each layer,
B = {Bl}Ll=1, while maintaining parameter efficiency dur-
ing incremental learning. For the input xl, in the training
stage, we formalize the output of amalgamated adapters as:

Bl(xl) =

NA∑
n=1

αn
l

(
Wn

up · Relu
( NA∑

n=1

αn
l (W

n
down · xl)

))

=
( NA∑

n=1

αn
l W

n
up

)
· Relu

(( NA∑
n=1

αn
l W

n
down

)
· xl

)
,

(5)
where αn

l is the random weight of adapter n and satisfies∑NA

n=1 α
n
l = 1, αn

l > 0, NA is the number of adapters.
Within each batch of training data, α is stochastically al-
tered to encompass a broad spectrum of parameter configu-
rations, subsequently optimized to achieve a more expansive
and flatter region of minimized loss values. The loss can be

denoted as:

Lfused(θ;B;α) = L(θ;B;α). (6)

where α = {{αn
1}

NA
n=1, ...{αn

L}
NA
n=1}. The training loss in-

corporates the utilization of existing adapters along with a
random amalgamation of adapters in the following manner:

Lall(θ;A;B;α) = Lsingle(θ;A) + Lfused(θ;B;α). (7)

Before each session following the initial one, to mitigate
the increment of additional parameters, we initialize A1 with
the mean value derived from all adapters and freeze it to
solely update the parameters of other adapters. As we utilize
the structure of a multi-adapter, the fusion process can be
represented as

W1
down =

1

NA

NA∑
n=1

Wn
down, W1

up =
1

NA

NA∑
n=1

Wn
up.

(8)
We further provide a theoretical view on why random

amalgamation of adapters can bring generalization and can
improve the performance of CIL.
Theorem 1 (Generalization Bound). Let ω0 and ωAn

denote the weights of the pretrained model and the n-th
adapter, respectively. Then, the overall predictor weights can
be decomposed as ω = ω0 +

∑NA

n=1 αnωAn
. For any ρ > 0

and any distribution D , with probability 1−δ over the train-
ing set D ∼ D ,

Eω[LD(ω)] ≤ Eω[ max
∥ϵ∥2≤ρ

LD(ω + ϵ)]

+ 3

√√√√√2k log

(
1 +

∥ω0∥2
2∑NA

n=1 kα2
nσ

2
A+λρ2

)
+ 4 log 2n

δ + Õ(1)

n
,

where n = |D|, λ = 1/(1 +
√
log(n)/k)2, k is the num-

ber of parameters, ωAn
∼ N (0, σ2

AI), and we assumed
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Method ImageNetA ImageNetR CUB200 Stanford-Cars CIFAR100 Average
ALast ↑ AAvg ↑ ALast ↑ AAvg ↑ ALast ↑ AAvg ↑ ALast ↑ AAvg ↑ ALast ↑ AAvg ↑ ALast ↑ AAvg ↑

Adam-adapter 48.81 58.84 65.79 72.42 85.84 91.33 45.55 56.97 87.30 91.19 66.66 74.15
Adam-ssf 48.94 58.79 66.61 74.36 85.67 90.99 37.42 49.67 85.28 89.92 64.78 72.75

Adam-prompt 29.60 38.57 63.68 71.63 85.28 90.89 40.28 52.19 84.96 89.68 60.76 68.59
L2P 44.04 51.24 72.34 77.36 67.02 79.62 39.83 50.88 84.06 88.26 61.46 69.47

DualPrompt 47.29 56.40 69.10 74.28 68.48 80.59 31.29 45.46 81.77 86.44 59.59 68.63
CODAPrompt 52.08 63.92 73.31 78.47 75.09 84.61 46.05 58.08 83.21 87.71 65.95 74.56

LAE 42.02 50.47 70.38 76.00 65.92 78.46 52.98 56.73 80.48 85.86 62.36 69.50
Ease 57.25 66.50 75.88 81.21 82.15 89.45 58.42 64.35 88.23 92.06 72.39 78.71

RanPAC 63.18 70.97 77.70 82.79 90.16 93.52 68.89 77.60 91.29 94.24 78.24 83.82
SLCA 60.72 68.23 79.35 83.29 87.52 92.39 65.17 73.15 91.26 94.29 76.80 82.27
SSIAT 62.43 70.83 79.38 83.63 88.38 92.86 60.63 67.76 91.35 94.35 76.43 81.89
Ours 64.06 71.34 80.31 83.96 90.18 93.47 72.39 77.83 91.72 94.49 79.73 84.22

Table 2: Average and last accuracy comparison on ImageNetA, ImageNetR, CUB200, Stanford-Cars and CIFAR100. All the
methods are reproduced using the same three seeds, and we report the Average CIL performance.
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Figure 4: CIL performance of the PTM with various flatness
optimization methods.

LD(ω) ≤ Eϵ[LD(ω + ϵ)], ϵ is chosen as ϵi ∼ N (0, σ2
ϵ)

in every direction. Note that the size of the adapter weights
is negligible compared to the pre-trained model; therefore,
it is reasonable to assume that ωAn has zero mean. See the
Appendix for detailed proof.

Enhanced Sharpness-Aware Minimization
Various conventional flatness optimization methods are as-
sessed in Fig. 4 and show enhanced CIL performance com-
pared to the baseline. Existing methods are based on the
design of loss function, which are plug-and-in for PTMs.
SAM (Foret et al. 2020), for instance, utilizes the direct way
involving perturbing parameters to ensure that the model
maintains lower loss in the vicinity of optimal parameters
θ. The problem for the t-th session can be formulated as:

min
θ

LSAM
t (θ) where LSAM

t (θ) ≜ max
∥ϵ∥2≤ρ

Lt(θ + ϵ),

(9)
where ϵ is perturbation on parameters and ρ is a hyperpa-
rameter to control the optimized neighborhood range of θ.
The sharpness-aware loss hinders the model from converg-
ing towards a narrow and steep minimum. By the classical
solution to a dual norm problem, the approximated ϵ̂ can be
solved as: ϵ̂(θ) = ρ ∇θLt(θ)

∥∇θLt(θ)∥2
(see details in Appendix).

We propose SAM+ to enhance SAM, which utilizes the

Method ALast ↑ AAvg ↑
w/o SAM+ w/ SAM+ w/o SAM+ w/ SAM+

Adam-adapter 71.94 72.35 78.45 78.72
Adam-ssf 71.63 72.31 78.52 78.93

Adam-prompt 65.88 67.37 72.69 74.23
L2P 66.87 68.25 74.12 75.25

DualPrompt 66.66 66.84 74.43 74.69
CODAPrompt 70.92 72.55 78.68 79.43

LAE 64.70 65.26 72.70 73.12
Ease 75.88 76.35 82.31 83.33

RanPAC 80.58 80.78 85.38 86.09
SLCA 79.71 80.15 84.55 85.02
SSIAT 80.39 81.05 85.42 85.59

Table 3: The average results of ALast and AAvg on all eval-
uated datasets. Experiments are conducted on all the com-
pared methods with or without SAM+.

estimated ϵ̂ to impose regularization on the model’s update
∆θ, preventing the model from updating towards directions
associated with increasing loss values. Specifically, we com-
pute the similarity between the model’s update direction and
the estimated sharpness direction: cosµ = ϵ̂(θ)∆θ

∥ϵ̂(θ)∥∥∆θ∥ . Sub-
sequently, we introduce a penalty factor γ multiplied on gra-
dient to regulate the model’s update direction towards a tra-
jectory distinct from sharpness: γ = min(1, τ(1−ecosµ−1)),
where τ denotes the temperature. The regularized model up-
date with the common gradient descent method can be de-
noted as: θ = θ− ηγ∆θ. In Fig. 4, SAM+ achieves superior
performance compared to other methods.

Experiments
Datasets: To evaluate various continual learning techniques,
we carried out extensive experiments using six datasets.
Specifically, CIFAR100 (Krizhevsky, Hinton et al. 2009)
consists of 60,000 images of 100 classes. CUB200 (Wah
et al. 2011) contains bird images for 200 classes with around
60 images per class. ImageNetR (Hendrycks et al. 2021a)
consists of 30,000 images with 200 categories. Each class
encompasses a diverse range of image styles and challenging
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Figure 5: Further analysis on parameter robustness (left) and
different pre-trained models (right).

samples extracted from the original ImageNet. This bench-
mark presents a formidable challenge due to the substantial
divergence between these styles and the data used for pre-
training. ImageNetA (Hendrycks et al. 2021b) is a practical
dataset comprising 200 distinct classes. The dataset exhibits
significant class imbalance, with certain classes containing
only a small number of training instances. Stanford-Cars
(Krause et al. 2013) contains 196 fine classes of car images.
Evaluation protocols: Following previous works (Zhang
et al. 2023; Zhou et al. 2024a), we utilize common evalu-
ation metrics in CIL. Specifically, we present the average
accuracy of all classes after learning the last task, denoted
as ALast, and average accuracy of the whole incremental
sessions AAvg = 1

T

∑T
i=1 Ai.

Implementation details: We adopt ViT-B/16 (Alexey 2020)
as the pre-trained model, which is pre-trained on ImageNet-
21K (Russakovsky et al. 2015). The initial learning rate is set
as 0.01 and we train the first session for 20 epochs and 10
epochs for later sessions. To mitigate experimental variabil-
ity, following previous works (Zhang et al. 2023; Zhou et al.
2024a), we conduct experiments on three specific seeds:
1993, 1996, and 1997, and report the average results.

Comparison with the State-of-the-art
We compare with SOTA CIL methods on ViT-B/16 models
pre-trained on ImageNet-21K. The methods we compare in-
clude L2P (Wang et al. 2022d), DualPrompt (Wang et al.
2022c), CODAPrompt (Smith et al. 2023), LAE (Gao et al.
2023), Ease (Zhou et al. 2024b), RanPAC (McDonnell et al.
2024), SLCA (Zhang et al. 2023), SSIAT (Tan et al. 2024)
and other parameter-efficient tuning methods (Zhou et al.
2024a). All methods use the original setup and hyperparam-
eters to reproduce their reported performance.

We report CIL performance in Tab. 2. ImageNetA and
ImageNetR present challenges for pre-trained models be-
cause of factors like domain shifts and disparities in cate-
gory distributions compared to pre-training data. It is evi-
dent that the performance of each approach on these two
datasets is comparatively inferior to that achieved on oth-
ers. RanPAC outperforms other previous methods on Ima-
geNetA, while SSIAT achieves better performance on Im-
ageNetR. Besides, adapter-based methods perform better
than other similar methods (Adam-adapter achieves supe-
rior performance compared to other Adam methods), indi-

SAM SAM+ RAA
ImageNetA ImageNetR

ALast ↑ AAvg ↑ ALast ↑ AAvg ↑
× × × 62.43 70.83 79.38 83.63
✓ × × 63.53 71.18 79.78 83.83
× ✓ × 63.86 71.23 79.81 83.79
× × ✓ 64.01 71.28 80.22 83.81
✓ × ✓ 64.06 71.30 80.25 83.90
× ✓ ✓ 64.06 71.34 80.31 83.96

Table 4: Ablation results on ImageNetA and ImageNetR. We
analyze the role of each component of our methodology.

NA
ImageNetA ImageNetR CIFAR100 CUB200
ALast AAvg ALast AAvg ALast AAvg ALast AAvg

2 64.06 71.34 80.31 83.96 91.72 94.19 89.94 93.44
3 64.05 70.88 79.04 82.65 91.31 93.85 90.18 93.47
4 63.27 70.32 78.05 82.02 90.96 93.64 89.81 93.44

Table 5: Ablation study for the number of adapters on Ima-
geNetA, ImageNetR, CIFAR100 and CUB200.

cating that adapter-based methods are more appropriate for
PTM-based CIL. Our method achieves SOTA performance
on the two datasets. In ImageNetA, our method achieves
the last accuracy of 64.06%, surpassing SSIAT and RanPAC
by 0.88% and 1.63%, respectively. Additionally, our method
achieves the highest final accuracy on fine-grained classifi-
cation datasets, CUB-200 and Stanford Cars. Notably, it out-
performs the second-best approach by 3.5% on the Stanford
Cars. Besides, our method outperforms existing approaches,
attaining SOTA performance with the average CIL perfor-
mance gain across all benchmark datasets (in Average).

Ablation Study
The effectiveness of flattening methods: We perform an
ablation analysis to examine the efficacy of each element
within our methodology. Specifically, we report the CIL per-
formance in various situations with original SAM (Foret
et al. 2020), our proposed enhanced SAM and random amal-
gamation of adapters (RAA) in Table 4. It is evident that
SAM achieves an enhancement in performance compared
to the baseline, signifying that the CIL performance can
be improved by the flattening of the loss landscapes. After
the enhancement of the optimization process, SAM+ brings
further improvements. In addition, employing only amalga-
mated adapters in conjunction with the training approach in-
volving randomized weights can also result in enhancements
in performance. The best performance is achieved after com-
bining the two elements. In Fig. 7, we visualize the loss
landscapes of the first session on ImageNetA and ImageN-
etR. Through the integration of distinct modules within our
method, the loss landscapes gradually transition to a flatter
form, leading to a notable decrease in parameter sensitivity
in the vicinity of the optimal point.
The plug-and-play ability of SAM+: We integrate the
SAM+ with existing approaches to ascertain its universal ef-
ficacy in enhancing CIL across diverse methods seamlessly,
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Figure 6: Visualization of loss and accuracy in the process of model updating from session 9 to session 10.
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Figure 7: Visualization of loss landscapes in ablation study
on ImageNetA (left) and ImageNetR (right).

thereby validating its adaptability and utility. The results of
four datasets are averaged and shown in Tab. 3. To demon-
strate the plug-and-play capabilities of SAM+, the experi-
mental results depicted in gray rows reflect the integration
of SAM+ within some compared methods. For all compared
methods, the integration of SAM+ results in performance
enhancements, demonstrating the efficacy of SAM+. Al-
though all methods show enhancements following the intro-
duction of the proposed SAM+ method, they still fall short
in comparison to our method. Moreover, SAM+ effectively
flattens the loss landscapes of previous methods, as illus-
trated in Fig. 8, showcasing the plug-and-play capability.
Parameter robustness and different PTMs: We conduct
experiments on five datasets with different numbers of
adapters. As shown in Tab. 5, increasing the number of
adapters does not invariably lead to a commensurate im-
provement in CIL performance, notwithstanding the in-
troduction of additional parameters. The introduction of
more adapters introduces additional randomness, leading to
training instability and, consequently, performance degra-
dation. Besides, we conduct a comprehensive analysis of
our method’s sensitivity to hyper-parameters and its per-
formance across different pretrained models in Fig. 5. The
results demonstrate that our approach consistently achieves
performance gains under varying hyperparameter configura-
tions and with different PTMs.
Visualization on the effectiveness of flat loss landscapes:
To further demonstrate the impact of flatter loss landscapes
on enhancing model stability during the CIL process, we

Perturbation

 w/o SAM+
 w/ SAM+

Perturbation

 w/o SAM+
 w/ SAM+

Figure 8: Visualization of loss landscapes of CODAPrompt
(left) and SLCA (right) with or without SAM+.

save the checkpoints of several models and evaluate their
performance on previous data when transitioning from ses-
sion 9 to session 10 on ImageNetA and ImageNetR (refer
to Appendix for more results). In Fig. 6a and Fig. 6b, it
is evident that the model’s loss on previous data exhibits a
slower increase following the implementation of flattening
methods. The corresponding decline in the model’s accu-
racy on previous data also occurs at a reduced rate (as il-
lustrated in Fig. 6c and Fig. 6d), indicating a mitigation of
catastrophic forgetting. The visualization highlights that our
approach successfully promotes a flatter loss landscape, en-
abling the model to sustain performance on previous data
during update between sessions, enhancing model stability
and effectively addressing the catastrophic forgetting.

Conclusion

In this work, we propose a novel class-incremental learn-
ing (CIL) method for pre-trained models (PTMs) that en-
hances performance by explicitly optimizing the flatness of
loss landscapes. Our key innovation, Randomized Adapter
Amalgamation (RAA), efficiently constructs a continuous
low-loss space through stochastic adapter blending, while
enhanced sharpness-aware optimization further smooths the
landscapes. Experiments show our approach achieves SOTA
results, demonstrating that flatter landscapes significantly
improve continual learning. This work provides both a prac-
tical solution and theoretical insights into CIL performance.
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